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Abstract
Although increased genome sequencing efforts have increased our understanding of genomic
variability within many bacterial species, there has been limited application of this knowledge
towards assessing current molecular typing methods and developing novel molecular typing
methods. This thesis reports a novel in silico comparative genomic framework where the
performance of typing methods is assessed on the basis of the discriminatory power of the
method as well as the concordance of the method with a whole-genome phylogeny. Using
this framework, we designed a comparative genomic fingerprinting (CGF) assay for Listeria
monocytogenes through optimized molecular marker selection. In silico validation and assessment
of the CGF assay against two other molecular typing methods for L. monocytogenes (multilocus
sequence typing (MLST) and multiple virulence locus sequence typing (MVLST)) revealed that
the CGF assay had better performance than these typing methods. Hence, optimized molecular
marker selection can be used to produce highly discriminatory assays with high concordance to
whole-genome phylogenies. The framework described in this thesis can be used to assess current
molecular typing methods against whole-genome phylogenies and design the next generation of
high-performance molecular typing methods from whole-genome sequence data.
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Chapter 1
Literature Review
1.1 Epidemiology
Epidemics of infectious disease have been the scourge of humanity since the beginnings of
civilization. Throughout human history, much of our understanding of the spread of disease was
anchored in superstition and myth. It was not until the cholera epidemic of 1854 in London that
physician John Snow was able to determine how cholera was spread through investigations and
analyses that became the foundation for modern epidemiology (Snow, 1857; Vinten-Johansen,
2003). Although Vibrio cholerae was not identified as the microbe responsible for causing cholera
by Robert Koch until 1884 (Howard-Jones, 1984), Snow was able to determine that cholera
was being spread by fecally contaminated water, and not by “bad air”, which was thought to
be the main route of transmission at the time (Vinten-Johansen, 2003). By plotting cholera
mortality data, which included time and location of death, on a map of London and using other
anecdotal evidence, he was able to determine that a well near Broad Street was the common
source of infection in the district of Soho in London (Vinten-Johansen, 2003). Cases of cholera
were clustered around this particular well. Anyone that drank from the well soon became
aﬄicted. By presenting this evidence to the district officials, he was able to have the handle
for the well removed effectively shutting down the well and ending the cholera epidemic in this
district (Vinten-Johansen, 2003). Although not recognized for his contributions to medicine and
epidemiology during his lifetime, he is often referred to as the Father of Epidemiology with many
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of his descriptive and analytic epidemiologic approaches still used in epidemiology today (Merrill,
2010).
As more bacteria were discovered to cause disease in humans, public health efforts have been
increased to assess potential routes of infection and formulate strategies for controlling and
reducing the incidence of infectious disease caused by bacteria. Although in some cases traditional
epidemiology may be sufficient to determine the source of an outbreak, other evidence in the
form of bacterial strain-specific fingerprints are often used in conjunction with epidemiological
data to unequivocally determine the source of an outbreak (Van Belkum et al., 2007). It has long
been known that bacterial isolates from the same species exhibit variable levels of virulence, host-
specificity and differences in terms of the modalities of disease. For example, within Salmonella,
strains from one serotype such as Pullorum may only be found to cause disease within animals
while strains from another serotype such as Typhi may only be associated with human clinical
cases. In order to study the distribution and population structure of bacteria in clinical and
environmental settings, various methods have been developed to differentiate strains or subtypes
within a bacterial population (i.e., subtyping) through discrimination on the basis of phenotypic
or genetic characteristics. Within the context of an epidemiological surveillance system, typing of
bacterial isolates can be helpful in determining etiological agents, patterns of transmission and
whether multiple sporadic cases of infection constitute a potential outbreak (Van Belkum et al.,
2007).
1.2 Bacterial population diversity
Ever since we could observe and study bacteria, we have been trying to understand why certain
strains of a bacterial species possess traits, such as the ability to cause disease, while other strains
from the same species do not. In 1928, Griffith (1928) showed that bacteria can exchange genetic
information through a process called transformation. Griffith found that if a killed virulent strain
and a non-virulent strain of Streptococcus pneumoniae were injected into a mouse, living virulent
bacteria could be recovered. The non-virulent strain had taken up and integrated the DNA of
the killed virulent strain leading to a change in the phenotype. Bacteria have also been shown to
exchange genetic information through recombination and conjugation. Bacteriophage integrating
their DNA into the genomes of bacteria has helped explain the pathogenicity of certain strains
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of bacteria such as Escherichia coli O157:H7 (Hayashi et al., 2001; Perna et al., 2001). These
processes for increasing genetic diversity within bacterial species have likely evolved by natural
selection (Smith et al., 1991). The new genetic information may repair host chromosome damage
or confer a selective advantage, such as antimicrobial resistance (Smith et al., 1991). It is only
recently with whole-genome sequences for multiple strains of many bacterial species that we are
beginning to understand the extent of bacterial intra-species diversity.
Various typing methods have been developed to enable the characterization of bacterial isolates
on the basis of intra-species diversity to aid in epidemiological surveillance and investigation.
Even before the genetic basis for this diversity was fully understood, various methods have been
used to differentiate isolates based on biochemical or serological profiles. As advances in molecular
biology have enabled the direct interrogation of genetic variation, molecular typing methods have
been developed offering greater discriminatory power, reproducibility and other advantages over
phenotypic methods (Van Belkum et al., 2007). This has given rise to molecular epidemiology
where molecular biology techniques are applied to epidemiologic problems (Foxman and Riley,
2001). Along with greatly benefiting epidemiological investigations and surveillance, advances in
typing methods have also enabled the study of the population structure and population dynamics
of bacterial species leading to an increased understanding of the epidemiology and evolution of
bacterial populations (Smith et al., 1993).
1.3 Phenotypic subtyping
Before genetic differences between strains could be directly observed using molecular methods,
phenotypic methods were used as a proxy for assessing genetic similarity between strains. Various
phenotypic typing methods were developed for characterization of bacterial isolates and epidemi-
ological surveillance. Some phenotypic typing methods have been more successfully applied to
characterization of bacterial species than others. Phenotypic methods have provided historically
and epidemiologically important insights into the population structure and genetic diversity of
many bacterial species. Although most phenotypic methods have been replaced by molecular
methods that can directly target genetic variation, some phenotypic subtyping methods are still
in use today.
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1.3.1 Biotyping
Biotyping is a typing method that differentiates bacterial isolates on the basis of biochemical
characteristics that are known to vary within a given species (Van Belkum et al., 2007). Biotyping
is usually simple and inexpensive with excellent typeability and data that are easy to score and
interpret. Testing of large numbers of isolates can be performed easily. However, a large number
of characteristics may need to be tested to provide sufficient discriminatory power (Van Belkum
et al., 2007). In cases where a biotyping method is shown to be reproducible, it can be used as a
library typing method where current isolates can be compared against previously characterized
isolates (Van Belkum et al., 2007). Various biotyping arrays have been developed that utilize redox
chemistry to enable measurement of biochemical reactions through colour readings (Bochner et al.,
2001; Odumeru et al., 1999). These arrays have been useful in studying biochemical pathways
and intra-species phenotypic variability (Baumler et al., 2011). However, the reproducibility of
biotyping can be limited depending on the organism and phenotypic trait that is being tested
(Miller and Rhoden, 1991; Odumeru et al., 1999).
1.3.2 Serotyping
First described by Lancefield in 1933, serotyping is one of the oldest phenotypic methods for
the characterization and classification of bacterial isolates. Conventional serotyping is able to
discriminate bacterial isolates on the basis of agglutination reactions of antisera with cell surface
antigens of bacteria.
Historically, serotyping has been very useful for the epidemiological surveillance and classification
of many bacterial pathogens such as Listeria monocytogenes, Salmonella enterica and E. coli
(Kauffmann, 1975; McLauchlin, 1990; Salmonella Subcommittee of the Nomenclature Committee
of the International Society for Microbiology, 1934; Seeliger and Langer, 1989). Since the 1930s,
serotyping has been one of the primary methods for the typing of Salmonella (Kauffmann,
1975; Salmonella Subcommittee of the Nomenclature Committee of the International Society
for Microbiology, 1934). However, in other organisms, serotyping has shown conflicting results
with molecular methods (Aarts et al., 1995). Additionally, cross-reactions of antigens with other
bacterial species may produce non-specific results (Doumith et al., 2004a; Palumbo et al., 2003;
4
Chapter 1 Literature Review
Seeliger and Langer, 1989). Furthermore, some isolates may not be typeable by serotyping due
to the absence of antigens or antisera for the antigens (Aeschbacher and Piffaretti, 1989).
Although serotyping can be very useful for subtyping certain bacterial species, conventional
serotyping through slide agglutination using reactions with antisera is labour intensive, time-
consuming and costly due to the expensive antisera required (Doumith et al., 2004a; Palumbo
et al., 2003; Seeliger and Langer, 1989). To address some of the issues with conventional serotyping,
serotyping enzyme-linked immunosorbent assay (ELISA) have been developed (McConnell et al.,
1985; Palumbo et al., 2003). Molecular serotyping assays have also been developed to provide
rapid, inexpensive and reliable serotyping of isolates (Doumith et al., 2004a; Franklin et al., 2011;
Ke´rouanton et al., 2010; Scaria et al., 2008; Yoshida et al., 2007). However, the coverage of
these molecular serotyping methods may only distinguish a limited number of serotypes and
might require other subtyping methods in epidemiological investigations (Franklin et al., 2011;
Ke´rouanton et al., 2010; Yoshida et al., 2007). Additionally, despite serotyping being an excellent
characterization method for some bacteria, there is often little correlation between the somatic
and flagellar antigens and genomic characteristics; therefore, molecular typing methods have been
suggested as an alternative (Achtman et al., 2012).
1.3.3 Phage typing
Phage typing is the characterization of bacterial strains based on susceptibility to a standard set of
bacteriophage. It has been very useful for the subtyping of L. monocytogenes and Staphylococcus
aureus (Audurier and Martin, 1989; Wentworth, 1963). However, isolates are often not typeable
by phage typing, which can be a problem with data analysis since all untypeable isolates will have
the same data regardless of true relatedness (Aeschbacher and Piffaretti, 1989). Although phage
typing may remain a useful tool for typing various pathogens into the near future, molecular
typing methods providing greater resolution and accuracy will continue to replace most phenotypic
methods including phage typing (Baggesen et al., 2010).
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1.4 Molecular subtyping
There has been a shift from phenotypic subtyping towards molecular subtyping for many organisms
as molecular methods have been developed allowing direct investigation of genetic variation
between bacterial isolates. The emergence of molecular methods started with the discovery of
restriction enzymes, the development of DNA sequencing and polymerase chain reaction (PCR)
leading to the development of a number of techniques aimed at identifying genetic variation
within bacterial isolates. Most molecular or genotypic typing methods offer higher throughput,
lower workload, and greater reproducibility and subtyping resolution compared to phenotypic
typing methods (Van Belkum et al., 2007). From an epidemiological and evolutionary perspective,
molecular methods allow more accurate estimation of genetic similarity between isolates and
more accurate inference of population structure.
1.4.1 Pulsed-field gel electrophoresis
Pulsed-field gel electrophoresis (PFGE) is one of the most commonly used molecular typing meth-
ods. PFGE involves the digestion of genomes using rare-cutting endonucleases and visualization
of the resulting bands using gel electrophoresis in a unit capable of generating electrical fields
that alternate in direction, which is necessary in order to resolve large DNA fragments (Finney,
2001). PFGE was one of the first methods that enabled investigation of genomic variability on a
whole-genome level between bacterial isolates of the same species. Since insertions, deletions or
mutations that create or remove a specific restriction site can be detected between the genomes
of bacterial isolates, PFGE can be used for the characterization of strains and the indirect
determination of evolutionary distances between isolates (Goering, 2010). Hence, PFGE was one
of the first tools used for genomics studies.
There are many issues with performing PFGE for the characterization of bacterial isolates. PFGE
requires the isolation of intact genomic DNA for comparable results between different samples;
therefore, a specialized DNA isolation method is required (Goering, 2010). In addition to selection
of appropriate DNA isolation methods, selection of restriction enzymes, electrophoresis conditions
and many other variables influence how the DNA fragmentation banding patterns appear in
the final gel electrophoresis image (Boerlin et al., 1996; Goering, 2010; Yde and Genicot, 2004).
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Additionally, in order to achieve sufficient resolution for subtyping certain organisms, PGFE
analysis with at least two restriction enzymes may be required (Boerlin et al., 1996; Yde and
Genicot, 2004). Although it is possible to visually inspect PFGE gel images for differences between
isolates, specialized and costly commercial computer-assisted analysis software is required for
rigorous analysis of the PFGE gel images (Goering, 2010). In order to facilitate sharing of
PFGE results between labs, standardized international protocols have been developed for many
food-borne pathogens, such as L. monocytogenes, E. coli, Salmonella and Vibrio parahaemolyticus,
through the PulseNet surveillance system (Graves and Swaminathan, 2001; Pagotto et al., 2006;
Parsons et al., 2007; Ribot et al., 2006; Swaminathan et al., 2001; Swaminathan and Gerner-Smidt,
2007). Due to its simplicity and broad applicability, it is still used as a gold-standard typing
method for many bacterial pathogens though it is a time-consuming and labour-intensive method
(Goering, 2010).
1.4.2 PCR-based molecular subtyping
The invention of PCR lead to the development of various molecular typing methods potentially
offering many advantages in terms of labour, cost, throughput and reproducibility (Killgore et al.,
2008).
1.4.2.1 PCR-RFLP
Restriction fragment length polymorphism (RFLP) uses frequent cutting restriction enzymes
to generate hundreds of small fragments from chromosomal DNA. With PCR-RFLP, genetic
regions are amplified by PCR, digested by restriction enzymes, followed by separation of the
resulting fragments by electrophoresis (Van Belkum et al., 2007). The resulting fingerprints can
be compared. Fingerprints will vary due to mutations occuring within restriction sites leading to
differences in the overall restriction fragment pattern. Various PCR-RFLP methods have been
developed for the identification of bacterial species (Vaneechoutte et al., 1998) and the typing
of bacterial species (Nachamkin et al., 1993; Sugimoto et al., 2011). Although, in some cases,
PCR-RFLP may have less discriminatory power than other typing methods (Behringer et al.,
2011; Sugimoto et al., 2011), like other PCR-based methods, it can be used to rapidly and easily
type bacterial isolates (Sugimoto et al., 2011; Van Belkum et al., 2007).
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1.4.2.2 Random amplified polymorphic DNA typing
Random amplified polymorphic DNA (RAPD) typing uses single primers of arbitrary sequence
for low stringency PCR amplification to generate strain-specific DNA fragment banding patterns
(Williams et al., 1990). Extensive genetic diversity was found between human clinical isolates
of Helicobacter pylori using RAPD (Akopyanz et al., 1992). For the typing of E. coli, RAPD
was found to have greater sensitivity than multilocus enzyme electrophoresis (Wang et al., 1993).
Unlike PFGE, RAPD typing does not require intact chromosomes or large quantities of DNA,
but it could theoretically be used to type any isolate just like PFGE. However, as with PFGE and
amplified fragment length polymorphism typing (AFLP), RAPD typing markers are “anonymous”
meaning it is unknown what part of the genome a particular band on a gel represents. Additionally,
there are many issues with reproducibility because of the random priming and because PCR is
performed under low stringency conditions.
1.4.2.3 Amplified fragment length polymorphism typing
AFLP typing is based on selective PCR amplification of genomic DNA restriction fragments
using arbitrary primers and gel analysis of the amplified fragments (Vos et al., 1995). A
major advantage of AFLP over other fragment-based typing methods is that data can be
captured and digitized in an automated fashion using fluorescently labeled primers with an
automatic DNA sequencing instrument (Van Belkum et al., 2007). AFLP has been used to
successfully differentiate Acinetobacter species (Janssen et al., 1997) and outbreak and non-
outbreak Acinetobacter baumannii isolates (Dijkshoorn et al., 1996). AFLP was found to produce
typing data concordant with PFGE for Pseudomonas aeruginosa and A. baumannii (D’Agata
et al., 2001). However, for vancomycin-resistant Enterococcus faecium, AFLP lacked the resolution
of PFGE clustering epidemiologically-related and unrelated strains together (D’Agata et al.,
2001). Although AFLP has been shown to produce comparable data to PFGE, in some cases it
fails to provide sufficient resolution for epidemiological investigation.
1.4.2.4 Multilocus variable-number tandem-repeat analysis
Multilocus variable-number tandem-repeat (VNTR) analysis (MLVA) can be used to discriminate
bacterial isolates on the number of observed repeats at regions of repetitive DNA (Murphy et al.,
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2007). During DNA replication, repetitive DNA is often incorrectly copied due to slipped strand
mispairing (SSM) resulting in the addition or deletion of repeats. Using PCR assays, it is possible
to amplify repeat regions using primers flanking the region. The number of repeats found in the
repeat region can be determined based on the size of the PCR product. Several MLVA schemes
have been developed for subtyping L. monocytogenes targeting different VNTR loci (Lindstedt
et al., 2008; Miya et al., 2008; Murphy et al., 2007; Sperry et al., 2008). MLVA has been shown
to be a rapid, inexpensive, and discriminatory method for subtyping L. monocytogenes (Balandyt
et al., 2011; Dass et al., 2010; Miya et al., 2008; Murphy et al., 2007) that may replace PFGE as
the gold-standard method (Vergnaud and Pourcel, 2009). However, since similar VNTR profiles in
unrelated strains may arise by convergent evolution and repeat regions often evolve rapidly, it may
be difficult to infer accurate phylogenetic relationships between strains based on MLVA results,
thus, hindering epidemiological and evolutionary analyses (Comas et al., 2009). Furthermore,
genetic distances can be overestimated due to the high discriminatory power and the limited
number of loci targeted by many MLVA schemes. This means that in the case of an outbreak,
if two strains are identical by MLVA, it is likely that the strains are very similar (Van Belkum
et al., 2007). Conversely, relationships inferred between isolates may not be concordant with
clinical or epidemiologic information, and two strains very different by MLVA may actually be
genetically quite similar (Xiao et al., 2011).
1.5 Population genetics and typing
The emergence of methods for assessing allele differences of genes within bacterial populations
enabled population genetic analysis and the determination of genetic relationships between strains
(Aeschbacher and Piffaretti, 1989; Smith et al., 1991, 1993). An important analysis in population
genetics is determining linkage of alleles at different loci between bacterial isolates from different
populations. Linkage equilibrium occurs in populations where alleles at different loci appear
randomly exhibiting no association with alleles at other loci (Smith et al., 1991). In other
words, there is a high level of genetic exchange between all members of a population. Highly
recombinogenic bacterial species, such as H. pylori or Neisseria meningitidis, display linkage
equilibrium and extensive genetic diversity (Van Belkum et al., 2007). On the other hand, linkage
disequilibrium – the non-random association between alleles at different loci – can be observed in
many bacterial species such as Salmonella or E. coli (Smith et al., 1993). Linkage disequilibrium
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occurs when there is limited genetic exchange between members of a population. Genotypically
distinct populations exhibiting linkage disequilibrium may be found to be geographically or
ecologically separated or there may be biological barriers to genetic exchange (Smith et al., 1993).
For example, E. coli possess a high level of genetic variation yet are naturally clonal (Smith et al.,
1991). Recombination through conjugation is not common enough to extensively randomize the
genome of E. coli, hence, only a small fraction of the possible clones are observed (Smith et al.,
1991). There are also cases where genetically diverse species of bacteria, such as N. meningitidis,
exhibit temporary disequilibrium leading to an epidemic population structure (Smith et al., 1993).
Certain clones of the population will become dominant through clonal expansion, like in the case
of an outbreak, and form complexes of related strains (Smith et al., 1993). This can result in an
epidemic population structure where there is frequent recombination between all members of this
population. While a highly clonal population with no recombination between members can be
represented by a tree with distinct ancestors, an epidemic population can be represented as more
of a network since there is swapping of genetic material between all members (Smith et al., 1993).
Bacterial population genetics studies have lead to a greater understanding of the epidemiology
of bacterial populations and the mechanisms that govern the exchange of genetic information
within bacterial populations.
1.5.1 Multilocus enzyme electrophoresis
Although multilocus enzyme electrophoresis (MLEE) had been used extensively within eukaryotic
genetics and evolutionary biology (Aeschbacher and Piffaretti, 1989), it was due to work by
Selander et al. (1986) and others that the usefulness of MLEE in bacterial population genetics and
characterization was recognized. With MLEE, isolates are characterized by relative electrophoretic
mobilities of a set of housekeeping enzymes encoded by different alleles of the same gene (Selander
et al., 1986). By assessing variation in the size and net electrostatic charge and, hence, the rate
of migration of these housekeeping enzymes during electrophoresis, MLEE allows determination
of allelic variation in the housekeeping genes associated with these enzymes (Aeschbacher and
Piffaretti, 1989; Selander et al., 1986). Due to the enzymatic properties of these proteins, they
can be visualized after electrophoresis as specific bands via reactions with certain substrates
(Aeschbacher and Piffaretti, 1989; Selander et al., 1986).
10
Chapter 1 Literature Review
Although MLEE is a phenotypic method and is neither rapid nor was it ever widely-used for
bacterial typing (Van Belkum et al., 2007), it allowed consistent characterization of isolates
for epidemic analyses and measurement of genetic distances between strains (Aeschbacher and
Piffaretti, 1989). Furthermore, a significant advantage of MLEE compared to other methods at
the time was that MLEE data allowed population genetics analysis through the study of the
linkage of alleles at different loci within bacterial populations (Selander et al., 1987; Smith et al.,
1993; Whittam et al., 1983).
Despite the importance of MLEE in population genetics, it was largely replaced by its molecular
equivalent, multilocus sequence typing (MLST), which offers greater resolution, more rapid
analysis and a high level of transportability of results due to the generation of DNA sequence
data rather than gel images (Van Belkum et al., 2007).
1.5.2 Multilocus sequence typing
MLST is a DNA sequence-based typing method where bacterial isolates are differentiated based
on sequence variation between alleles at typically 6 to 8 housekeeping genes (Maiden et al., 1998;
Van Belkum et al., 2007). MLST is the molecular descendant of multilocus enzyme electrophoresis
(MLEE), which was mostly used for population genetics rather than typing. Since DNA sequence
data is the output of MLST, inter-laboratory data-sharing is simple and easy through the Internet.
With publicly accessible online databases such as PubMLST (Jolley et al., 2004), MLST DNA
sequence data and associated epidemiological information is hosted and shared between labs
allowing for comprehensive epidemiological analyses (Chan et al., 2001; Jolley et al., 2004).
MLST can resolve a greater number of alleles per locus than MLEE thereby offering greater
discriminative power than MLEE (Maiden et al., 1998), which it has largely replaced for population
genetics analysis (Van Belkum et al., 2007). While MLEE can only detect variation in enzyme
amino acid sequences resulting in a change in net charge, MLST can differentiate alleles that
vary by a single-nucleotide polymorphism (SNP) even though the SNP might not result in a
change at the amino acid level. Furthermore, MLST provides a less technical and more rapid
approach to characterization of bacterial isolates, which has translated to its widespread usage for
the molecular typing of bacterial organisms (Van Belkum et al., 2007). Hence, MLST replaced
MLEE in most population genetics studies.
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Algorithms such as the eBURST algorithm (Feil et al., 2004) and the globally optimized im-
plementation of the eBURST (goeBURST) algorithm (Francisco et al., 2009) have allowed the
sophisticated analysis of MLST data. Investigation of potential patterns of evolutionary descent
and inference of the epidemic population structure of bacterial pathogens has been possible
through application of the eBurst and goeBURST algorithms to vast databases of MLST typing
data.
Although MLST has been very important in population genetics and molecular subtyping of
many bacterial organisms, it is not an appropriate typing method for some bacteria as it is
possible to infer incorrect phylogenetic relationships between strains using MLST data. In
monomorphic bacterial species, such as Mycobacterium tuberculosis, MLST is unable to provide
sufficient phylogenetic resolution for subtyping bacterial isolates (Comas et al., 2009; Musser et al.,
2000; Sreevatsan et al., 1997). In highly recombinogenic bacteria, such as Campylobacter jejuni,
strains with similar MLST profiles may actually have significant genomic differences (Taboada
et al., 2008). Additionally, MLST is an expensive and time-consuming typing method where
discriminative ability is dependent on the gene loci selected (Cai et al., 2002; Van Belkum et al.,
2007). In some clonal bacteria, such as L. monocytogenes, targeting virulence genes in an MLST
scheme may produce an assay with higher discriminative power than a regular MLST scheme
targeting housekeeping genes (Knabel et al., 2012; Zhang et al., 2004). However, by selecting
non-housekeeping genes, genes may be targeted that are under selective pressure, which can
lead to the inference of inaccurate evolutionary relationships. With whole-genome sequencing
costs continuously dropping, many laboratories may opt to produce sequence data for the entire
genome of their bacterial strains rather than a select few gene loci.
1.6 Comparative genomics
1.6.1 Early whole-genome sequencing
In 1977, Sanger et al. described a DNA sequencing method using chain-terminating inhibitors of
DNA polymerase. This sequencing method, termed Sanger sequencing, was the primary DNA
sequencing method for sequencing of the human genome (Venter et al., 2001) and many other
genomes prior to the advent of high-throughput next-generation sequencing (NGS) technologies.
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Although Sanger sequencing was prohibitively expensive for many researchers, the sequencing of
bacterial strains from various species allowed the development of high-resolution methods for
investigation of bacterial intra-species genetic diversity.
Although evidence for extensive intra-species genetic diversity predates the era of genomics, it
wasn’t until comparative genomic analysis of two unrelated strains of H. pylori was performed that
there was conclusive evidence for large-scale gene content differences between strains of the same
species (Alm et al., 1999). Studies in E.coli showed evidence for large-scale genomic variability
when the enterohemorrhagic E.coli O157:H7 EDL933 was compared to the non-pathogenic E.coli
K-12 (Perna et al., 2001). Many genomic regions found within the genome of O157:H7 were
not present within K-12. Some of these genomic regions present within O157:H7 were linked
to virulence attributes (Perna et al., 2001). These studies and others have contributed to an
emerging view of bacterial genomics in which there exists extensive genetic diversity between
strains of the same species (Israel et al., 2001; Kato-Maeda et al., 2001; Taboada et al., 2004).
This and mounting evidence that genetic variation between bacterial strains of the same species
can lead to variation in host specificity and virulence (Merchant-Patel et al., 2008) fueled further
exploration of intra-species gene content variability and led to the emergence of the field of
bacterial comparative genomics.
1.6.2 Microarray-based comparative genomic hybridization
DNA microarray technology, which was originally used for gene expression studies (Schena et al.,
1995), was adapted to study genome-wide variation (Lashkari et al., 1997). Microarray-based
comparative genomic hybridization (M-CGH) was used to assess the absence or presence of
thousands of genes in a single experiment. At a time when DNA sequencing was prohibitively
expensive for comparative genomics studies of more than a few strains, M-CGH provided
an effective approach to leveraging the data from a single sequenced strain towards more
comprehensive investigation of the genome dynamics and the “phylogenomics” of a species
(Taboada et al., 2007).
Comparative genomics studies using M-CGH lead to insights into the population structure and
intra-species diversity of many bacterial species such as C. jejuni, E. coli and L. monocytogenes
(Dorrell et al., 2001; Doumith et al., 2004b; Taboada et al., 2008; Zhang et al., 2003, 2007).
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M-CGH studies of E. coli O157:H7 revealed differences in virulence-associated loci between the
lineages (Zhang et al., 2007). In C. jejuni, extensive gene content differences were noted even
between isolates that shared similar MLST profiles (Taboada et al., 2008). Comparative genomics
studies of L. monocytogenes confirmed a highly clonal population structure and revealed serotype-
and lineage-specific gene content differences (Call et al., 2003). Although the idea was explored,
M-CGH was never widely adopted for high-resolution molecular subtyping of bacterial isolates
(Lucchini et al., 2001) due to its high cost and low throughput (Van Belkum et al., 2007). Hence,
M-CGH was mostly used for comparative genomics studies, the assessment of conventional typing
methods and the screening of molecular markers including those associated with virulence factors
(Chizhikov et al., 2001; Doumith et al., 2006; Taboada et al., 2008).
1.7 The pan-genome paradigm for bacteria
The first major sequence-based comparative genomic survey of a species published was on an
ambitious project to sequence several strains of Streptococcus agalactiae, a human pathogen that
is the major cause of septicemia in newborns (Tettelin et al., 2005). This effort provided evidence
for the existence of intra-species “pan-genomes” – a pan-genome being the totality of genes
observed within all members of a bacterial species (Medini et al., 2005; Tettelin et al., 2005).
In the pan-genome model, a subset of genes representing the core genome is present in each
member of the species (Tettelin et al., 2005). These are the “housekeeping” genes that perform
vital functions for the organism. The remaining genes within the species’ pan-genome represent
the dispensable or accessory genome. Although these genes are not necessary for basic survival,
they are thought to be required for niche adaptation and may also be associated with clinically
important traits such as virulence, antimicrobial resistance or alternate metabolic pathways
(Tettelin et al., 2005).
Pan-genomic analyses have shown that there is an extensive pool of genes within most bacterial
species’ pan-genomes that have yet to be identified and characterized (Tettelin et al., 2005). A
new strain of S. galactiae, for example, could add more than 30 new genes to the gene pool
for the species (Tettelin et al., 2005). Hence, it is necessary to sequence strains from various
sources in order to understand the distribution of gene content across various subsets of the
population (Medini et al., 2005; Tettelin et al., 2005). In a public health context, strain specific
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accessory genes may be valuable indicators of virulence or pathogenic potential (Atherton, 1998;
Duong and Konkel, 2009; Fouts et al., 2005) and may thus represent valuable targets for the
identification of clinically important strains. The possibility of gene content variability within a
bacterial species and its public health implications has lead to efforts to understand the overall
microbial pan-genome as well as the pan-genomes of individual species (Alcaraz et al., 2010;
Lukjancenko et al., 2010; Medini et al., 2005; Monot et al., 2009; Snipen et al., 2009; Tettelin
et al., 2008; Xu et al., 2010).
Although gene absence/presence is an important source of genetic variability that can be an
informative indicator of the potential virulence of a strain, other types of genetic variation exist
that may be equally important. Another common type of genetic variation is single nucleotide
polymorphisms (SNPs), which are insertions, substitutions or deletions of single nucleotides
within a genome. SNPs can have important phenotypic implications. For instance, SNPs in the
inlA gene of L. monocytogenes, responsible for host cell invasion, are correlated with varying
levels of virulence due to the presence of premature stop codons (Van Stelten et al., 2010).
1.8 Next-generation sequencing and genomic epidemiol-
ogy
The advent of high-throughput NGS has lead to a significant drop in sequencing costs with sequence
data being generated at an increasingly rapid rate. With the introduction of pyrosequencing
(Margulies et al., 2005) and Illumina sequencing (Bentley et al., 2008) less than a decade ago,
whole-genome sequencing has become much more affordable. This has intensified efforts towards
studying the pan-genomes of many bacterial species and, by extension, the intra-species genetic
diversity within those species (Alcaraz et al., 2010; den Bakker et al., 2010; Deng et al., 2010;
Lukjancenko et al., 2010). These and upcoming advances in sequencing technologies will continue
to be a boon for comparative genomics of microbes.
High-throughput whole-genome sequencing (WGS) has rapidly become a viable option for the
investigation of human pathogens in the context of outbreaks (Alexander et al., 2012; Gilmour
et al., 2010; Rasko et al., 2011). Advances in WGS technologies and bioinformatic analyses
necessary for the assembly and annotation of short nucleotide reads generated by shotgun WGS
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have allowed WGS to emerge as a powerful tool for epidemiological investigations. Since WGS
data can, in principle, differentiate between isolates differing by one nucleotide, WGS offers the
highest level of discrimination for bacterial strain characterization and the inference of the most
accurate phylogenetic relationships.
Epidemiological investigations into recent outbreaks have been greatly aided by WGS of outbreak
strains (Alexander et al., 2012; Gardy et al., 2011; Rasko et al., 2011; Reimer et al., 2011; Rohde
et al., 2011). Comparative genomics of whole-genome sequenced V. cholerae isolates associated
with the 2010 Haiti cholera outbreak enabled the potential source of the outbreak strain to
be determined whereas conventional subtyping methods, such as PFGE, lacked the resolution
necessary for such conclusions (Reimer et al., 2011). With the 2011 E. coli O104:H4 outbreak in
Germany, new WGS technologies and “crowd-sourced” analysis of the genomic data revealed
that the outbreak strain belonged to an enteroaggregative E. coli lineage that had horizontally
acquired virulence and antibiotic resistance genes (Rasko et al., 2011; Rohde et al., 2011). Using
WGS, two travel-associated cases of E. coli O104:H4 were characterized with one case found to be
related to the 2011 E. coli O104:H4 outbreak in Germany (Alexander et al., 2012). WGS aided
an epidemiological investigation into a tuberculosis outbreak in a community in British Columbia,
Canada by providing the resolution necessary to differentiate between M. tuberculosis isolates
identical by conventional typing methods (Gardy et al., 2011). Eventually, WGS may be the sole
method needed for molecular characterization of human bacterial pathogens during an outbreak,
however, for epidemiological surveillance, WGS will likely remain economically infeasible for the
foreseeable future.
1.9 Challenges with current molecular typing methods
Due to advances in NGS technologies, the throughput of sequencing entire genomes has increased
exponentially while sequencing costs have dropped precipitously (Bennett, 2004; Margulies et al.,
2005). This has lead to a democratization and acceleration of sequencing efforts where sequencing
projects can be conducted by labs of any size resulting in a greater understanding and investigation
of bacterial pan-genomes (Medini et al., 2005; Shendure and Ji, 2008). Concomitant with the
development of new sequencing methods has been the continual development of bioinformatic
approaches for the analysis of this data. Although new algorithms and approaches are continually
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being developed for genome assembly, annotation and visualization (Pop and Salzberg, 2008),
most typing methods currently used for the identification and characterization of human bacterial
pathogens available to public health laboratories predate the genomic era. There has been
limited application of comparative genomic approaches using WGS data towards development of
diagnostic and molecular typing assays.
Although many current molecular typing methods may be well suited for certain types of epidemi-
ological investigations, these methods are confounded by homoplasy, homologous recombination
and horizontal gene transfer (HGT) leading to flawed estimates of genetic similarity between
strains (Achtman and Wagner, 2008). Therefore, in order to infer the most accurate phylogenetic
relationships between strains, WGS data is necessary to limit the influence of these confounders in
the construction of a phylogeny (Pearson et al., 2009). When Comas et al. (2009) compared the
phylogeny derived from 89 coding genes sequences from a global strain selection of M. tuberculosis
to CRISPR- and VNTR-based typing results for the same strains, they found that although
the CRISPR- and VNTR-based typing methods were highly discriminatory, the phylogenetic
relationships inferred by these typing methods showed little statistical support and limited
agreement with the coding gene sequence-derived phylogeny. Comas et al. (2009) concluded that
selection of a combination of lineage-defining markers and highly discriminatory markers may be
necessary to overcome the limitations of current typing methods for monomorphic microbes.
Using a combination of lineage-defining markers and highly discriminatory markers, Xiao et al.
(2011) developed a molecular typing scheme for V. parahaemolyticus targeting VNTR regions
and variably-presented gene clusters (LVPCs). The LVPC-based method clustered strains into
broad groups that corresponded with distinct virulence profiles with clinical and epidemiological
significance while the VNTR-based method provided greater discrimination producing finer
groups. However, the VNTR-derived clusters did not correspond with distinct virulence profiles
as with the LVPC-derived clusters. Therefore, Xiao et al. (2011) concluded that in combination
targeting VNTR and LVPC loci could yield a high performance typing scheme for V. para-
haemolyticus. Hence, for certain bacterial species, it may be necessary to use a combination of
typing methodologies targeting different types of genetic variation to accurately characterize
isolates (Clark et al., 2012).
Through comparison of DNA sequences, single-nucleotide polymorphisms (SNPs) can be identified
for the differentiation of bacterial strains. Using phylogenetically informative SNP sites from
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DNA sequence analysis of 65 L. monocytogenes isolates, Ducey et al. (2007) developed an assay
for subtyping lineage I L. monocytogenes, which was later expanded for subtyping of all four
lineages of L. monocytogenes (Ward et al., 2008). A SNP typing assay has also been developed for
the rapid determination of epidemic clone (EC), serotype and lineage of L. monocytogenes isolates
(Ward et al., 2010), and another SNP typing assay has been developed for the determination
of premature stop codons in the inlA gene of L. monocytogenes for determination of isolate
virulence (Van Stelten and Nightingale, 2008). However, there is a significant initial cost for
SNP typing due to the specialized equipment required, which may prohibit adoption for routine
surveillance. Furthermore, since SNP assays are retrospective in nature, novel lineages may not
be detected since only previously observed SNPs may be targeted by the assay.
Van Belkum et al. (2007) define a good bacterial typing method as one that is inexpensive, rapid,
epidemiologically concordant, discriminatory and reproducible. However, many conventional
typing methods provide sub-par performance in one or more of these categories. Since many
researchers are advocating the use of multiple typing methods for the characterization of bacterial
isolates (Clark et al., 2012; Comas et al., 2009; Xiao et al., 2011), it is clear that there is a need
for better typing methods. By leveraging the ever expanding volumes of WGS data available
for many bacterial organisms, it may be possible to design novel typing methods that fulfill the
criteria set by Van Belkum et al. (2007).
1.10 Overview of the thesis
Despite the decreasing costs of sequencing, WGS of bacterial isolates for epidemiological surveil-
lance may be a long way from being economically viable option for the characterization of isolates.
However, there are challenges and limitations with many conventional typing methods in terms
of cost, throughput, informativeness and discrimination (Clark et al., 2012; Comas et al., 2009;
Van Belkum et al., 2007; Xiao et al., 2011). Historically, typing methods have been used as
a proxy for genomic data. Typing data has been used to estimate genetic similarity between
bacterial isolates. However, as more sequence data are made available, it is becoming increasingly
evident that typing methods can grossly underestimate or overestimate the genomic similarity
between isolates (Taboada et al., 2008). Although increased sequencing efforts have expanded our
understanding of the genomic variability within many bacterial species, there has been limited
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application of this knowledge towards assessing current molecular typing methods and developing
novel molecular typing methods.
Comparative genomic fingerprinting (CGF) is a method of comparative genomics-based bacterial
characterization based on the concept that differential carriage of accessory genes can be used to
generate unique genomic fingerprints for molecular typing purposes (Laing et al., 2008; Taboada
et al., 2012). Our research group has successfully deployed PCR-based CGF assays for E. coli
and C. jejuni (Laing et al., 2008; Taboada et al., 2012). The E. coli O157:H7 23-gene CGF assay
(CGF23) was found to have discriminatory power comparable to PFGE and greater specificity
to E. coli O157:H7 phage types than PFGE (Laing et al., 2008). The C. jejuni 40-gene CGF
assay (CGF40) was shown to have high concordance with MLST and greater discriminatory
power than MLST for a dataset of 412 isolates from animal, environmental and clinical sources
(Taboada et al., 2012). Although the current generation of CGF assays were developed based on
comparative genomic analysis of M-CGH data (Laing et al., 2008; Taboada et al., 2012), it will
be possible to develop the next generation of CGF assays based on comparative genomic analysis
of WGS data due to advances in sequencing technologies.
1.10.1 Goals of the thesis
We propose the development of a comparative genomic framework for the design and assessment
of genomics-based conventional typing methods. Comparative genomic analysis of WGS data
can be used to determine the best estimate of the population structure of a species as well as
potential targets for a conventional typing method.
In order to facilitate the assessment of novel typing methods, we proposed an in silico typing
method assessment framework. Rather than comparing typing methods against each other, typing
methods would be assessed based on concordance with the underlying WGS data. Since WGS
data provides the most accurate and highest resolution characterization of bacterial strains, WGS
is the true “gold-standard” molecular typing method. In order to facilitate the comparison of
typing methods to WGS data, we proposed the in silico generation of typing data from WGS
data since WGS data encode all the information necessary to infer molecular typing profiles.
Hence, the concordance of in silico-derived typing results to whole-genome phylogenies could be
used as a measure of assessing the performance of a current typing method or in the development
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of a novel typing scheme. Therefore, using in silico typing analysis, markers could be selected for
inclusion in a novel typing scheme that optimize concordance with a whole-genome phylogeny as
well as provide a high degree of discriminatory power.
We chose L. monocytogenes as the model organism for development of a novel genomics-based
typing method. L. monocytogenes is a Gram-positive rod-shaped bacterial pathogen found
ubiquitously in nature (Farber and Peterkin, 1991). Ingestion of food contaminated with L.
monocytogenes is a major cause of human listeriosis accounting for 99% of human cases (Mead
et al., 1999; Swaminathan and Gerner-Smidt, 2007). In 2008, Canada saw its worst outbreak of
listeriosis resulting in 22 deaths and at least 57 illnesses (Gilmour et al., 2010; Government of
Canada, 2008, 2009). PFGE was the main typing method used during this outbreak. Since the
Canadian outbreak, a deadly outbreak in the USA associated with cantaloupe lead to 146 invasive
illnesses, 30 deaths and one miscarriage (Laksanalamai et al., 2012) underscoring the fact that L.
monocytogenes is an ongoing challenge in food safety. A more rapid and high-throughput method
for L. monocytogenes subtyping could lead to more rapid characterization of and response to
listeriosis outbreaks.
Although PFGE is currently the “gold-standard” method for typing L. monocytogenes iso-
lates (Conly and Johnston, 2008; Graves and Swaminathan, 2001; Swaminathan and Gerner-
Smidt, 2007), it is time-consuming and labour-intensive requiring standardized protocols for
inter-laboratory data-sharing (Goering, 2010). Conversely, PCR-based CGF produces easily
transportable typing data and is technically simple and high-throughput especially with PCR
reaction multiplexing and automated gel electrophoresis instrumentation (Taboada et al., 2012).
Since a CGF assay has yet to be developed for L. monocytogenes and due to our research group’s
experience in CGF assay design, we chose to develop a comparative genomic fingerprinting (CGF)
assay for L. monocytogenes and assess its performance using our proposed in silico typing method
assessment framework. In addition, we proposed the development of an automated pipeline for
the design and in silico assessment of optimized multiplex PCR CGF assays from WGS data.
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Material and Methods
2.1 Retrieval of L. monocytogenes WGS data
Whole-genome assemblies for 60 L. monocytogenes strains from lineages I, II and III were used in
the analyses described in this thesis.
2.1.1 Retrieval of Canadian outbreak-related L. monocytogenes WGS
data
Thirty-seven Canadian outbreak-related strains were included in the design of a comparative
genomic fingerprinting (CGF) assay (Table 1). WGS data for these strains was obtained from
collaborators at the Public Health Agency of Canada (PHAC) National Microbiology Lab (NML)
in Winnipeg, Manitoba.
Annotations for the 37 Canadian outbreak-related L. monocytogenes genomes were generated
using RAST (Aziz et al., 2008). The GenBank format output files from RAST were parsed using
BioPerl (Stajich et al., 2002) into FastA format files.
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2.1.2 Retrieval of publicly available L. monocytogenes WGS data
Using Linux bash scripts and Perl scripts, all publicly available L. monocytogenes whole genome
sequencing (WGS) data were downloaded in the GenBank format from the NCBI FTP site
(Table 2). The GenBank files for the 23 L. monocytogenes strains were parsed using BioPerl
(Stajich et al., 2002) into FastA format files.
2.1.3 Annotation of unannotated L. monocytogenes genomes
For genomes for which there were no annotations available, the genomes were annotated using
RAST (Aziz et al., 2008).
2.2 Core genome phylogenetic analysis of 60 L. monocy-
togenes strains
All ORFs from L. monocytogenes EGD-e were BLAST searched against all 59 other L. monocy-
togenes genomes using blastn (Altschul et al., 1990; Camacho et al., 2009). The core genome
was defined as genes present in all 60 L. monocytogenes genomes at a minimum 80% alignment
length coverage and 80% identity (ID) at the nucleotide level. Multiple sequence alignment
(MSA) of core genes was performed using MUSCLE (Edgar, 2004). The MSA of each core gene
was concatenated into a concatenome of all identified core genes (Leopold et al., 2009). Gapped
positions within the concatenome were removed and a phylogenetic tree was constructed using
hierarchical clustering with the average linkage or uweighted pair group with arithmetic mean
(UPGMA) method and saved in the Newick file format. SNPs were identified in the 60 genome
concatenome and a pairwise SNP count matrix was calculated. The concatenome phylogenetic
tree was generated and visualized within R (R Core Team, 2012) using the ‘ape’ package (Paradis
et al., 2004). Low and high resolution core genome phylogeny clusters or phylogenomic clusters
(PGC) were defined at 150 and 20 SNPs, respectively, within R.
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2.3 Identification of homologs using pairwise protein se-
quence BLAST searching
Pairwise reciprocal best BLAST hit searching was performed using blastp (Altschul et al., 1990;
Camacho et al., 2009) with the ORF amino acid sequences for all 60 L. monocytogenes strains to
determine homologs at 85% ID and 80% alignment length coverage.
2.4 Defining a CGF marker pool from the accessory genome
of L. monocytogenes
All ORFs within the 60 L. monocytogenes strains were pooled together into a CGF marker pool.
Core gene ORFs and redundant accessory gene ORFs, as defined by pairwise protein sequence
BLAST searching (Section 2.3), were filtered from the CGF marker pool. Redundant accessory
gene ORFs were defined as ORFs already represented by an allele in the CGF marker pool. Only
one allele was used to represent each accessory gene in the marker pool. Plasmid ORFs and
ORFs less than 300 bp were also removed.
All alleles within the CGF marker pool were BLAST searched against the 60 L. monocytogenes
genomes using blastn to determine presence rates. Alleles present in only one and 59-60 of the 60
L. monocytogenes, and alleles with BLAST %ID hits in 60 L. monocytogenes genomes between
95% and 65% were removed from the CGF marker pool. The resulting 762 alleles comprising 169
unique absence/presence patterns represented the potential CGF markers.
2.5 CGF marker set selection using the Wallace coefficient
We developed a C# application, CGF Optimizer (CGFO) (source code available at https:
//bitbucket.org/peterk87/cgfoptimizer), to find an optimal marker set solution by randomly
assembling markers from unique patterns in the 762 allele marker pool given n number of
tries. The 762 allele markers were collapsed down to 169 unique absence/presence patterns for
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marker set generation. Each unique fingerprint represented one or more markers with the same
absence/presence pattern in the 60 L. monocytogenes genomes.
The absence/presence patterns of each marker in a marker set were used to construct a neighbor-
joining (NJ) tree for the marker set. The code for NJ tree construction was adapted from source
code available for Clearcut (Sheneman et al., 2006). Marker clusters for each marker set were
defined at the 95% similarity level based on the NJ tree. Using the low and high resolution
PGC derived from core genome phylogenetic analysis, Wallace coefficients (W ) of the marker set
clusters against the low and high resolution PGC were calculated. The code for calculating the
W was adapted from source code available at the ComparingPartitions website (Carric¸o et al.,
2006). The marker sets with the highest W were saved from each iteration of random marker set
generation.
A Robinson-Foulds (RF) symmetric distance (Robinson and Foulds, 1981) was calculated for
each randomly-assembled marker set between the randomly-assembled marker set NJ tree and
the core genome phylogenetic tree. The code for RF was based on the HashRF algorithm for
rapid RF calculation (Sul et al., 2008). The Simpson’s index of diversity (D) (Simpson, 1949)
was calculated for each randomly-assembled marker set based on clusters defined at the 95%
similarity level from the NJ tree.
2.6 Multiplex PCR assay creation
The randomly-assembled marker set with the highest Wallace coefficients with respect to the
low and high resolution PGC was used for multiplex PCR assay creation. For each marker in
the marker set, the largest gene with the least SNPs was used for PCR primer generation. The
sequences for each marker were multiple sequence aligned (MSA) using MUSCLE (Edgar, 2004).
SNP-free primers were generated from the consensus sequence of each MSA using Primer3 (version
2.3.4) (Rozen and Skaletsky, 2000). The melting temperature, primer sequence lengths and
product sizes were specified for Primer3 primer generation. Primers were created with a melting
temperature between 58-62◦ C with an optimal melting temperature of 60◦ C. The acceptable
length for primer sequences was 18-27 bp with an optimal primer sequence length of 22 bp.
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Primers with PCR product sizes ranging from 150 to 700 bp in 50 bp increments (±25 bp size
variation at each interval) were created for each marker (Figure 3.6).
All pairwise thermodynamic interactions between primers and their expected PCR products
were calculated using MultiPLX (Kaplinski et al., 2005). Thermodynamic interactions were
calculated based on primer to primer and primer to product maximum binding energies (∆G).
Thermodynamic interactions between primer sets were scored as low, normal or high stringency
based on the default stringency thresholds used in MultiPLX. The overall thermodynamic
stringency between two primer sets was set to the lowest stringency thermodynamic interaction
between two primer sets.
Compatible PCR multiplexes were created based on the predicted thermodynamics using a
C# application we developed, CGF Multiplexer (Figure 3.7) (source code available at https:
//bitbucket.org/peterk87/cgfmultiplexer). Grouping of primers into multiplexes was per-
formed using exhaustive searching with pseudo-random addition of a primer set to a multiplex.
Conditions for successful inclusion of a marker in a multiplex were that each marker was repre-
sented only once in the assay, PCR product sizes were staggered by either approximately 100 or
150 bp, and thermodynamics interactions between all markers within the multiplex were not below
the thermodynamic stringency threshold. CGF Multiplexer would attempt to find a multiplex
assay solution n number of times (user-specified) at a particular thermodynamic threshold before
lowering the thermodynamic threshold for increased likelihood of finding a multiplex solution.
From the 40 markers, 8 multiplexes with 5 markers each were generated using a seed of 12 for the
random number generator and 3 of tries before dropping the thermodynamic stringency threshold
for addition of a marker to a multiplex.
2.7 In silico validation of CGF assay
The 40 marker CGF assay was validated against the 60 L. monocytogenes strains used in CGF
assay creation (Tables 1 and 2) by in silico PCR-based typing in Microbial In Silico Typer
(MIST) (Carrillo et al., 2012; Kruczkiewicz et al., 2013, 2011). In silico PCR was simulated
using nucleotide BLAST searching to find all potential forward and reverse primer binding sites
and attempting to retrieve the likely amplicon based on those primer binding sites. BLAST
searching was performed using blastn with default parameters and a reduced word size of 7 for
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increased sensitivity. All combinations of forward and reverse primer binding sites were tested to
determine potential amplicons for each marker. A positive result was reported when an amplicon
was retrieved with an amplicon size within ±10% of the expected amplicon size. Otherwise, if
all primer binding site combinations were exhausted and no suitable amplicon was retrieved, a
negative result was reported.
Binary absence/presence fingerprints were retrieved for each of the 60 L. monocytogenes strains.
The L. monocytogenes strains were clustered using complete linkage clustering of fingerprint
similarity coefficients. Cluster numbers were derived at cluster definition levels of 97.5%, 95%
and 90% fingerprint similarity corresponding to 1, 2 and 4 marker call differences, respectively.
In silico multiple locus sequence typing (MLST) (Salcedo et al., 2003) and multiple virulence
locus sequence typing (MVLST) (Zhang et al., 2004) sequence types (ST) were assigned to each
of the 60 L. monocytogenes strains used in CGF assay creation using MIST. All alleles for each
sequence typing locus were nucleotide BLAST searched against each strain. The top allele BLAST
hit for each sequence typing locus was returned. The allele numbers corresponding to the top
BLAST hits for each of the sequence typing loci were used to derive the numerical sequence
typing ST designation.
Using the online tool ComparingPartitions (Carric¸o et al., 2006), pairwise Wallace partition
congruence coefficients were calculated using cluster numbers derived from core genome SNP
thresholds at 20 and 150 SNPs, in silico CGF fingerprints at multiple cluster definition levels,
in silico MLST ST, and in silico MVLST ST for the 60 L. monocytogenes strains used in CGF
assay creation.
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Results and Discussion
3.1 Comparative genomic analysis of L. monocytogenes
The pan-genome of a bacterial species comprises the entire set, or an approximation, of the genes
within the species. This includes the genes that are core to all members of the species and the
accessory genes that are common to some but not all members. With the whole genome sequences
of multiple members or strains from a bacterial species, it is possible to perform comparative
genomic analyses comparing the genomes of these strains to look for commonalities and differences
and define the pan-genome of the species. One of the principal areas of interest in comparative
genomics of bacterial genomes is the determination of genetic variation such as insertions or
deletions of DNA sequence (indels) and SNPs within both genes and intergenic regions that may
be used in the identification of epidemiologically or clinically relevant lineages or sub-lineages in
the population.
3.1.1 Defining the core genome of L. monocytogenes
A common comparative genomic analysis is to determine the phylogeny of strains based on the
sequences of one or more core genes. The theoretical evolutionary distance between strains can
be calculated based on these sequences using a nucleotide substitution model. One approach to
creating a phylogeny based on more than one gene is to concatenate the aligned sequences into a
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concatenome. Typically when constructing a phylogeny from a concatenome, one uses as many
core gene sequences as possible to minimize the amount of bias any one gene introduces into
the phylogeny while maximizing the bootstrap support of each node within the phylogeny. For
the determination of the population structure of the 60 L. monocytogenes strains, we derived a
phylogeny from the concatenome of the genes we identified as core to those 60 strains.
Homologous sequences commonly arise due to either inheritance from a common ancestor or
through a gene duplication event. Homologous sequences acquired through vertical inheritance
from a common ancestor are orthologous while those due to a gene duplication event are paralogous.
Gene duplication events occur in the same organism rather than in an ancestor and lead to
introduction of another copy of the gene into the genome of the organism. Since this duplicate
gene is redundant, it may mutate and diverge in function from the original gene. In the context of
determining the core and accessory genes of a bacterial species, the orthologous genes or orthologs
are determined since those represent the same gene within different strains that have been
vertically inherited from a common ancestor. The number of core and accessory genes estimated
within a bacterial pan-genome depends on the nucleotide or amino acid identity thresholds used
as well as the method used for determining orthologs. Determination of orthologous groups of
core and accessory genes can be done by a variety of methods such as looking for the reciprocal
best BLAST hit for a gene or by using more advanced approaches available in software like
OrthMCL (Li et al., 2003).
In order to define the genes that were core to all 60 L. monocytogenes strains, genes that
were present within all strains were identified through reciprocal best nucleotide BLAST hit
searching of all L. monocytogenes EGD-e genes. The L. monocytogenes strain, EGD-e, was
used as the reference strain for core genome determination since its genome was completed and
manually annotated (Glaser et al., 2001). Core genes were defined as genes with alignment
lengths ≥ 80% and percent identities ≥ 80%. In total, 2314 genes were identified that met these
criteria of sequence similarity and conservation. These genes were defined as the core genome of
L. monocytogenes for the purposes of the analyses conducted in this thesis.
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3.1.2 Determination of core genome phylogeny and SNP analysis
In order to determine the population structure of the 60 L. monocytogenes strains, the core
genome phylogeny for these strains (Figure 3.1) were constructed from a concatenome of 2314 core
genes of the core genome defined in Section 3.1.1. The length of the concatenome was 2,142,837 bp
with gaps and 2,063,060 bp without gaps. Gap positions were removed prior to construction of the
neighbor-joining phylogenetic tree as these gap positions may be phylogenetically uninformative
since these positions may represent areas of low sequencing coverage.
Pairwise SNP counts between strains were determined based on the non-gapped nucleotide sites
in the 2314 core genes. A core genome phylogenetic tree was obtained by hierarchical clustering of
the pairwise SNP count matrix (Figure 3.1). Phylogenomic clusters were defined through “cutting”
of this tree at the 20 SNP and 150 SNP cutoff levels representing high and low resolution reference
clusters for CGF assay creation (Figure 3.2). There were 19 and 27 clusters generated at the 150
SNP and 20 SNP cutoff levels, respectively. The 20 and 150 SNP thresholds corresponded to a
little over 1 and 2 log10 SNPs, respectively, in the pairwise SNP matrix (Figure 3.1).Although,
for the purposes of assay design and assessment in this thesis, phylogenomic clusters were defined
at 20 and 150 SNPs, phylogenomic clusters could be defined at a variety of SNP thresholds as
shown in Figure 3.2.
The PGC defined at 20 and 150 SNPs were concordant with serotype, lineage and epidemiological
information. A large phylogenomic cluster (blue phylogenomic cluster at 20 and 150 SNPs in
Figure 3.2) of 19 and 18 lineage II serotype 1/2a strains was observed at 150 and 20 SNPs,
respectively. These strains were isolated from blood, environmental, and meat samples during
various listeriosis outbreaks in Canada from 1988 to 2010 (Table 1). A cluster of 3 lineage I
serotype 4b strains at 20 SNPs (red phylogenomic cluster at 20 SNPs in Figure 3.2) corresponded
to strains isolated during listeriosis outbreak in British Columbia in 2002 due to contaminated
cheese. At 150 SNPs, these strains formed a larger cluster of 8 strains (red phylogenomic cluster
at 150 SNPs in Figure 3.2) including strains isolated from a 1981 listeriosis outbreak in the
Canadian Maritimes due to contaminated coleslaw (Schlech et al., 1983) and the lineage I serotype
4b strain F2365 from the 1985 listeriosis epidemic in California (Nightingale et al., 2007). A
cluster of two lineage II serotype 1/2a strains (10-0812 and 10-0813; gray phylogenomic cluster
at 20 SNPs in Figure 3.2) at 20 SNPs were isolated during a listeriosis outbreak in Manitoba
29
Chapter 3 Results and Discussion
D
en
si
ty
SNPs (log10)
Color Key
and Density Plot
Figure 3.1: Log10 pairwise SNP counts between the 60 L. monocytogenes strains were
calculated from the 2314 core gene concatenome. A heatmap of the log10 pairwise SNP counts
is shown here. Hierarchical clustering of the SNP matrix was performed using the average
linkage or uweighted pair group with arithmetic means (UPGMA) method. The strains cluster
into three distinct lineages corresponding to lineages I, II and III of L. monocytogenes. Lineages
I, II, and III are highlighted in red, blue, and green, respectively, to the right of the heatmap.
Over 10,000 SNP differences are observed between strains from different lineages. Clusters
were determined at 20 SNPs with clusters of greater than one member highlighted in a distinct
colour. Cluster colours and memberships at 20 SNPs are identical to those in Figure 3.2. The
relatedness of strains within these clusters can be observed in the heatmap. There are fewer
than 30 SNP differences between the strains of the blue 20 SNP cluster. This is represented by
a large orange and red square in the heatmap.
in 2000 due to contaminated whipping cream. Interestingly, at 150 SNPs, these two whipping
cream outbreak strains formed a cluster with the lineage II serotype 1/2a strain 10403S (gray
phylogenomic cluster at 150 SNPs in Figure 3.2) isolated from a skin lesion (Edman et al.,
1968). These observations show that even at 150 core gene SNP differences, lineage and serotype
designations may be preserved, however, epidemiological, temporal and spatial information may
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Figure 3.2: The core genome phylogenetic tree can be “cut” at various phylogenetic distance
thresholds to produce variable numbers of phylogenomic clusters (PGC) with differing sizes
and memberships. SNP thresholds at 20, 150 and 56,000 SNPs are highlighted on the core
genome phylogenetic tree and the plot of number of clusters versus log10 SNP distance in green,
blue and red, respectively. PGC defined at 20, 150 and 56,000 SNPs are shown below the
phylogenetic tree. PGC with more than one member are highlighted with a colour block unique
to that cluster for that SNP threshold; PGC with only a single member are not shown.
be drastically different indicating that lineage and/or serotype information may be insufficient
for epidemiological investigations of L. monocytogenes.
The PGC defined at 20 and 150 SNPs became the reference clusters by which all typing results
were compared and assessed. A typing method with high congruence to the PGC was assumed to
have a high level of concordance with the underlying population structure of L. monocytogenes.
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3.2 Optimized CGF assay design
When determining suitable accessory gene markers for a subtyping assay like CGF, one should be
more stringent than when trying to estimate the number of accessory genes within the pan-genome
of a bacterial species. Genes that exhibit a high level of sequence variability may be undesirable
markers for a CGF assay due to the potential for SNPs within primer binding sites, which might
lead to low levels of PCR product amplification and ambiguous results in the lab. Hence, it is
prudent to remove any genes that may present challenges at a later stage in assay development
and focus on the genes that would give unambiguous results in the lab.
3.2.1 Determination of accessory genes suitable for CGF assay design
Since a CGF assay targets genes with variable presence within a population of bacterial strains,
it was necessary to determine the accessory genes of the 60 L. monocytogenes strains. Accessory
genes were defined as genes present in at least two strains and absent in at least two strains to
exclude unique, core and potentially core genes. Unique genes were defined as those present in
only one strain, and were excluded since they have low information content where only a single
strain would be differentiated by a unique gene. Additionally, it would not possible to design
SNP-free primers with a unique gene since SNP sites cannot be determined from a single sequence.
Core genes were defined as those present in all strains, and were excluded because, like unique
genes, they also have low information content since no strains would be differentiated by these
genes. Potentially core genes were defined as those absent in only one strain, and were excluded
due to the possibility that these genes were not found due to sequencing or assembly errors.
Annotations were obtained for each strain from NCBI or, if an annotation was unavailable,
through automated annotation using RAST (Aziz et al., 2008). It was necessary to annotate all
Canadian outbreak-related strain WGS data (Table 1) using RAST as only the whole genome
assemblies for each of these strains were available. Annotations were acquired to determine
open-reading frames (ORFs) for each genome that were likely gene coding DNA sequences (CDS).
All ORFs from all 60 L. monocytogenes strains were grouped together into a pool of potential
CGF markers. Core gene ORFs were filtered out based on the core genome phylogeny analysis
(Section 3.1.1). ORFs representing the same gene within multiple strains were also filtered out;
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a single representative ORF for each accessory gene was left in the marker pool. At this point,
6676 ORFs were left in the marker pool. ORF presence was determined by nucleotide BLAST
searching. Accessory gene ORFs with nucleotide BLAST percent identities between 65% and
95% in the other L. monocytogenes strains were removed reducing the number of ORFs in the
marker pool to 3998. These accessory genes represented genes with ambiguous absence/presence
or significant sequence variability and were removed. Only ORFs with length ≥300 bp were kept
in the marker pool to improve the likelihood of finding PCR primers generating PCR products
of sufficient size for the final staggered product size multiplex PCR assay. After these filtering
steps, 762 ORFs remained in the marker pool from a starting total of 176,819 ORFs in all 60 L.
monocytogenes genomes.
The remaining 762 ORFs within the marker pool represented 169 unique patterns of absence
and presence across the 60 L. monocytogenes strains with each unique absence/presence pattern
providing slightly different information on the overall relationship of the strains (Figure 3.3).
Clustering of the strains based on fingerprints derived from these 169 unique patterns was
congruent with the clustering based on core genome analysis. Slight gene absence/presence
differences could be observed within highly homogeneous PGC suggesting potential for subtyping
resolution from a CGF assay.
3.2.2 Optimized marker selection
Before designing a molecular typing assay, it is necessary to decide on whether the assay will be
used for identification of particular strains or lineages or for randomly fingerprinting any strain.
There are advantages and disadvantages to both approaches of typing in terms of typeability,
specificity and resolution. Although an identification-based typing assay may be more suited for
a well-characterized population where the distinguishing traits within that population have been
thoroughly defined, this approach may fail to characterize new strains that do not possess any of
the traits that the assay targets. Although the markers used in fingerprinting may not have the
same biological relevance as those in an identification-based assay, a well-designed fingerprinting
assay may be suited for identification purposes since a particular fingerprint may be specific to a
particular subtype in the same way that a lineage-specific marker would be.
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Figure 3.3: The 169 unique absence/presence patterns of the 762 ORFs are shown here. Core
genome clusters defined at 20 SNPs are shown on the left. Lineages I, II, and III are highlighted
in red, blue, and green, respectively, to the right of the heatmap. Black represents presence
while white represents absence of a particular marker in a strain.
If we look at a fingerprinting-based assay, such as PFGE, we can see that nearly all strains of L.
monocytogenes can be typed by PFGE. Every strain has a particular PFGE banding pattern and
this banding pattern is its PFGE fingerprint. In some cases the fingerprint may be diagnostic for
a particular lineage or clone; in other cases, the PFGE fingerprints of certain strains may lead
to groupings that are too broad for epidemiological purposes. For some isolates, it may not be
possible to perform PFGE due to DNA degradation, hence, these isolates may be untypeable
by PFGE (Silbert et al., 2003). Greater subtyping resolution may be desired to appropriately
distinguish sub-lineages for epidemiological investigations.
If one was to design a molecular subtyping assay for fingerprinting of a bacterial species, one would
likely target genetic variation such as variably absent or present accessory genes or repetitive
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genetic elements such as tandem repeats. Typically one would only target a small subset of
markers from a pool of potential markers due to laboratory constraints such as workload, time
and cost. Therefore, the selected markers should maximize the informativeness of the assay.
However, if prior knowledge about the distribution of markers within a population is limited,
then the selection criteria for determining which markers to target will be limited. One may
simply end up picking markers at random since there may be no way to tell which markers are
more informative than others. However, if one has access to a comprehensive collection of whole
genome sequences for the species, then this knowledge can be used to aid the selection process so
that markers can be selected that best represent the current best estimate for the population
structure of the species.
With a relatively comprehensive collection of WGS data for L. monocytogenes, we attempted the
design and creation of an optimized CGF assay for L. monocytogenes. Using the current best
estimate of the population structure of these strains, we selected markers on the basis of how well
the markers, in the context of a CGF assay, were able to infer the population structure. Some
markers in combination may provide corroborating information for clustering certain strains
together, while other markers may provide information for subdividing a homogeneous cluster of
strains. Therefore, we generated candidate CGF assays with markers selected at random from
the pre-defined marker pool in Section 3.2.1, assessed how well each candidate CGF assay was
able to infer the population structure of L. monocytogenes, and used the best candidate CGF
assay for creation of a multiplex PCR-based CGF assay.
We calculated the Wallace coefficient (W ) to assess how well a candidate CGF assay was able
to infer the population structure of L. monocytogenes. The W provides directional information
between two typing methods (i.e., WA→B and WB→A) (Wallace, 1983). This means that if two
strains are in the same cluster by one method, the W can tell us the probability that these two
strains will be in the same cluster using another method. In the case of assessing candidate CGF
assays, the W was calculated for candidate CGF assay clusters to the PGC defined at 150 and 20
SNPs (WCGF→phylogenomic) (Section 3.1.2). The PGC were defined to enable comparison of the
typing method data to WGS data. The W could range in value from 0.000 to a maximum of
1.000 representing complete disagreement and complete agreement, respectively, in one direction
(e.g., method A to method B). In the context of comparing CGF assays to the PGC, a W of 1.000
would signify that the CGF assay provides identical or finer clustering of the strains than the
35
Chapter 3 Results and Discussion
PGC. Conversely, a low W would mean that there are discrepancies in the clusters generated by
the CGF assay compared to the PGC. These discrepancies could be due to strains being grouped
into the wrong clusters or certain PGC collapsing into larger clusters. Hence, in order to find a
good set of markers for the L. monocytogenes CGF assay, we tried to find the candidate CGF
assay that maximized the W compared to the PGC.
Prior to using the Wallace coefficient (W ), we evaluated the Robinson-Foulds symmetric difference
(SymD) (Robinson and Foulds, 1981) as a metric for assessment of candidate CGF assays. The
SymD is a tree distance measure where the number of internal node rearrangements or topological
differences between two trees of the same taxa is quantified. Hence, the lower the SymD, the
more topologically similar two trees are. This can be a useful measure for objectively quantifying
the similarity between two phylogenetic trees. Phylogenetic trees project the population structure
in two dimensions by presenting both cluster membership in addition to a second dimension
represented by cluster to cluster relationships (i.e., the internal nodes of the tree). Although
the results from typing methods are generally visualized in the form of a tree, there is typically
insufficient information to properly assess the internal nodes of the tree. Therefore, typing
methods only reliably infer cluster membership, which is a one-dimensional representation of the
population structure. Because the SymD measures topological differences between the internal
nodes of the respective trees, it is not an appropriate measure for assessing the concordance of a
typing method to a whole-genome phylogeny. On average, a greater number of CGF markers
results in fewer topological differences and a lower SymD simply due to a greater amount of
information available to correctly infer the internal structure of the tree. Because we were
interested in designing a CGF assay that inferred identical or a finer level of clustering than the
PGC, the W was found to be a more appropriate measure.
Since the development of the framework for CGF assay design, in which we used the W to
determine concordance of each candidate assay to the PGC, Severiano et al. (2011b) have gone
on to publish the Adjusted Wallace coefficient (AW ). The AW directly takes into account the
expected W if the classifications were independent (Wi) or, in other words, occurred due to
chance (Severiano et al., 2011b). Pinto et al. (2008) had previously defined the expected W under
independence for method A versus B (Wi(A→B)) to be equal to 1 minus the Simpson’s index
of diversity (D) of method B (i.e., Wi(A→B) = 1 − DB). Hence, the AW corrects for chance
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agreement by following the form (Hubert and Arabie, 1985):
Index− Expected Index
Maximum Index− Expected Index (3.1)
where the Expected Index is the expected W under independence between two classifications and
the Maximum Index is assuming a maximum W of 1 (Severiano et al., 2011b):
AWA→B =
WA→B −Wi(A→B)
1−Wi(A→B) (3.2)
We have not yet determined if there is a benefit to using the AW rather than the W for CGF
assay design. It may be sufficient to simply rank candidate CGF assays by W since it is highly
unlikely that a candidate CGF assay with a high W would be due to chance occurrence. Hence,
given that the D of the PGC were sufficiently high (i.e., the PGC exhibit a high level of diversity),
a high W would be indicative of a high AW ; therefore, the W can be used as a proxy for the
AW in this case.
Due to the combinatorial nature of selecting markers for inclusion in an assay, the number of
combinations possible for generating an assay of k markers from n potential markers increases
factorially with increasing k and/or n. This means that for an assay consisting of 40 markers
with a marker pool of 169 markers with unique patterns, there would be
(
169
40
)
or 1.052× 1039
combinations. Assuming that assessing the performance of marker set combinations against a
core genome phylogeny could be done at a rate of 1,000,000 per second, exhaustive searching of
all possible combinations for the optimal set of markers would take 3.17× 1025 years. Therefore,
an approximate approach was necessary. Although there may be more efficient algorithms for
quickly determining the best possible set of markers given a pool of potential markers, the goal
was to select an optimized set of markers rather than try to find the best set of markers, hence,
for our purposes, a brute force method of searching was implemented and tested.
Marker selection and optimization was automated using a brute force approach in a C# application
we developed called CGF Optimizer (CGFO) (screenshot shown in Figure 3.5; source code
available at https://bitbucket.org/peterk87/cgfoptimizer). To assess the agreement of the
subtyping results from the candidate marker set with respect to the PGC, the W was calculated
between clusters generated by the candidate marker set and clusters derived from core genome
analysis. Neighbor-joining (NJ) clustering was performed using a fingerprint similarity distance
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matrix for each candidate marker set. Clusters for each candidate marker set were defined at the
95% fingerprint similarity level from the NJ clustering. A similarity threshold of 95% was used
to ensure that there were at least 3 or more loci differences between strains belonging to different
PGC. Two sets of PGC were defined at 150 and 20 SNPs in order to establish reference low
and high resolution clusters, respectively. Clusters generated by the candidate CGF assay would
be required to provide finer subtyping resolution than the PGC at 150 SNPs while providing a
similar or finer level of subtyping resolution relative to the higher resolution PGC at 20 SNPs.
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Figure 3.4: The absence/presence profiles of a) the entire marker pool, b) an ‘average’ marker
set, c) a ‘poor’ marker set and d) the ‘good’ marker set are shown here. Features of interest in
each figure are highlighted with arrows and/or coloured boxes. Core genome clusters defined at
20 SNPs are highlighted to the left of each absence/presence profile. Lineages I, II, and III are
highlighted in red, blue, and green, respectively, to the right of each absence/presence profile.
Black represents presence while white represents absence of a particular marker in a strain.
The pool of 762 accessory gene ORFs determined to be suitable CGF assay targets (Section 3.2.1)
were used for CGF assay design. These 762 ORFs consisted of 169 unique absence/presence
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patterns (Figure 3.3). The marker pool was reduced down to those 169 unique patterns using the
most suitable ORF for CGF assay creation for each pattern. Candidate marker sets of 40 CGF
markers were generated from randomly selecting markers from the pool of 169. Forty markers
were selected for the L. monocytogenes CGF assay to maximize the information content with an
assay design that could be deployable in practice in the laboratory context.
In order to highlight the importance of optimized marker selection, the differences between
subtyping results of an ‘average’ marker set of randomly chosen markers, a ‘poor’ marker set and
a ‘good’ marker set are examined with respect to PGC (Figure 3.4). Since the Wallace coefficients
of two different marker sets may differ significantly, it is important to highlight the basis for this
difference in the subtyping results of each respective marker set.
Choosing markers at random from the candidate patterns (Figure 3.4a), one may generate a
marker set with an absence/presence profile as shown in Figure 3.4b. However, given the goals of
producing an assay with resolution into highly homogeneous clusters, there are several instances
where this particular set of markers fails (Figure 3.4b A–E). Strain 08-7669 has an identical
fingerprint to the strains in the blue phylogenomic cluster despite the fact that this strain belongs
to another phylogenomic cluster (Figure 3.4b A). Though this strain and the strains of the blue
phylogenomic cluster are highly similar (< 100 SNPs), if subtyping resolution into this cluster is
desired, this set of markers would fail to provide the necessary level of resolution to differentiate
these strains. Lack of subtyping resolution is apparent in four other instances (Figure 3.4b B, C,
D and E) where differences at the core genome level are not represented at the subtyping level.
This marker set is an example of a marker set that could benefit from optimized marker selection
since there are numerous cases of insufficient subtyping resolution between highly similar strains
and clusters.
In the worst case scenario, randomly selecting markers may result in a marker set that provides
very poor overall concordance to the PGC (Figure 3.4c). The Wallace coefficients for this marker
set compared to the PGC defined at 150 and 20 SNPs were 0.455 and 0.357. Strain 08-7669 that
belongs to its own phylogenomic cluster has an identical fingerprint to some of the strains in the
blue cluster (Figure 3.4c A). There are several other similar instances of insufficient subtyping
resolution in the subtyping results of this assay (B–F ). A major deficiency with the subtyping
resolution of this assay is highlighted by a blue box encompassing points of interest A–D in
Figure 3.4c. The strains highlighted by the blue box would be grouped into the same cluster at a
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95% fingerprint similarity threshold although these strains belong to multiple PGC. These cases
of insufficient subtyping resolution demonstrate why this would be a poor marker set and how
one could potentially infer incorrect relationships between strains from the results of such an
assay.
Using optimized marker selection based on maximizing the Wallace coefficient of a candidate
marker set to reference PGC, it is possible to find a set of markers that is highly concordant
with the phylogenetic clusters. The absence/presence profile of such a marker set is shown in
Figure 3.4d. The Wallace coefficients for this marker set compared to the PGC defined at 150
and 20 SNPs were 1.000 and 0.962 signifying a high level of agreement between the clusters of
this marker set and the PGC. Looking at the underlying absence/presence data, it is clear that
this marker set provided the required subtyping resolution into some of the highly homogeneous
PGC. Strain 08-7669 had a distinct fingerprint compared to other highly similar strains within
the blue core genome cluster (Figure 3.4d A). This is an improvement from both the ‘average’
and the ‘poor’ marker sets (Figure 3.4b and 3.4c, respectively) where this strain had a fingerprint
identical to strains in the blue core genome cluster. There were also strains (10-1046, 10-1047,
88-0478 and 95-0093) within the blue core genome cluster with fingerprints that varied by one or
two loci. These unique fingerprints could provide potential subtyping resolution into a cluster of
highly similar strains with < 20 SNPs between them. The only discrepancy between the clusters
formed from this marker set and the PGC involved strain F6854 and the light blue core genome
cluster (Figure 3.4d B). Strain J0161 had 3-4 loci differences to the other strains, J2818 and
F6900, in the light blue core genome cluster illustrating another instance of potential subtyping
resolution. In the core genome phylogeny, F6854 was the outlier in the cluster of J0161, J2818
and F6900 with over 100 SNPs compared to the other strains. According to the core genome
phylogeny, J0161 and F6900 should share very similar fingerprints, but F6854 was more similar to
J2818 and F6900 than J0161. However, this was a minor discrepancy and an example of potential
over interpretation of the relationships between strains based on CGF fingerprints since at a 95%
fingerprint similarity threshold, F6854 and J0161 would form their own clusters thus provide
finer level clustering than the PGC at 20 SNPs. Overall, a high level of subtyping resolution was
achieved with this set of markers through optimized marker selection.
In order to generate the set of markers which would become the L. monocytogenes CGF assay
(Figure 3.4d), we conducted a brute force search using CGFO examining a sufficiently large
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number of marker sets to maximize the Wallace coefficients in comparison to the low and high
resolution PGC. In total 25 million candidate marker sets were generated in order to find the
marker set with Wallace coefficients of 1.000 and 0.962 to the low and high resolution clusters,
respectively, at the 95% fingerprint similarity cluster definition level. As detailed earlier, the
absence/presence profile of this set of markers shows a high level of agreement with the core
genome phylogeny while providing a high level of subtyping resolution.
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Figure 3.5: A screenshot of CGF Optimizer (CGFO) generating and assessing marker sets
from a marker pool is shown here. The user supplies the list of markers in the marker pool and
their absence/presence patterns, the number of markers to include in a marker set and the
reference clusters. CGFO will randomly generate marker sets and assess the discriminatory
power and concordance to the reference clusters of each of these marker sets. The marker
sets with the highest discriminatory power and concordance to the reference clusters will be
reported back to the user.
42
Chapter 3 Results and Discussion
3.2.3 Multiplex PCR assay design
Once the optimized CGF markers were chosen it was necessary to design a multiplex PCR assay
that would target those markers. Multiplexing of primers would reduce laboratory workload and
cost. Less reagents are used and fewer PCRs are run. However, trying to determine how best to
multiplex the primers for all of the markers in an assay in order to minimize undesired thermody-
namic interactions may require extensive and costly testing in the lab. Fortunately, there are
many software tools to aid in creating and grouping primers into thermodynamically-favourable
multiplexes that minimize the chances of unwanted primer-primer or primer-PCR product interac-
tions. With the proposed L. monocytogenes CGF assay, multiple sets of primers producing PCR
products of various sizes were created for each marker if possible. The thermodynamic interactions
between all primers and PCR products were determined. Primers with favourable thermodynamic
interactions were grouped together into multiplexes using a program we developed called CGF
Multiplexer (source code available at https://bitbucket.org/peterk87/cgfmultiplexer).
To facilitate the creation of primers free of SNPs, the consensus sequence of each CGF gene
marker was derived from a MUSCLE (Edgar, 2004) multiple sequence alignment (MSA) of the
marker sequence from each of the L. monocytogenes strains in which the gene was found. Primer
sequences with SNPs would require degenerate primers and would complicate the thermodynamic
interactions within a multiplex PCR reaction; therefore, SNPs within primer sequences were
avoided by using consensus sequences for primer design. Primer3 (Rozen and Skaletsky, 2000)
was used to generate the non-degenerate primers at all possible PCR product sizes within a range
from 150-700 bp at intervals of 50 bp from the consensus sequence of each marker (Figure 3.6).
Primers producing a range of PCR product sizes for each marker were generated to enable
staggering of PCR products by 100-150 bp. This staggering of PCR products would allow for
unambiguous differentiation of the presence or absence of a marker within a multiplex.
All possible thermodynamic interactions between PCR primers and products were calculated
using MultiPLX (Kaplinski et al., 2005). There were five thermodynamic interactions computed
in pairwise fashion between all PCR primer sets of all markers within the CGF marker set. These
thermodynamic interactions were the maximum binding energy (∆G) between the two primers
including the 3’ ends of both primers, the 3’ end of one primer and any region of another primer,
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any region of different primers, the 3’ end of one primer with any region of a PCR product, and
any region of a primer with any region of a PCR product (Kaplinski et al., 2005).
Since MultiPLX or any other software did not contain the necessary logic to multiplex the
primers we generated for each marker into multiplexes of our choosing, we developed a C#
program, CGF Multiplexer, to generate the multiplexes. CGF Multiplexer program was written
to place all 40 markers into 8 multiplexes of 5 markers while ensuring the highest achievable
thermodynamic compatibility of PCR primers and PCR product staggering within the multiplexes
(Figure 3.7). The theoretical thermodynamic compatibility of each different thermodynamic
interaction between primer sets was defined according to the default settings of MultiPLX. The
lowest compatibility thermodynamic interaction of the five computed interactions was used to
determine the thermodynamic compatibility between two PCR primer sets of two markers for
multiplexing purposes. CGF Multiplexer would randomly try to assign marker primers to a
candidate multiplex. If the primer set was thermodynamically compatible with the other primer
sets already in the marker set it would move onto adding the next primer set. If all slots within
the multiplex were filled, it would move onto trying to generate the next multiplex until all
markers had been assigned to a multiplex. If a particular set of choices resulted in a “dead-end”
and a multiplex PCR solution could not be generated, the program would retrace its steps and
try to fit a different primer set into the appropriate multiplex until a multiplex PCR solution
could be produced.
Using CGF Multiplexer, a multiplex PCR solution was found with high to average thermodynamic
compatibility between primers sets within multiplexes (Table 5). Theoretically, this multiplex
solution should minimize potential multiplex PCR issues such as primer-primer interactions.
However, to determine if this multiplex solution is able to produce adequate results within the
lab, further testing would be required with a panel of strains for which the CGF fingerprints are
known ahead of time.
Typically, if a multiplex PCR is not generating the expected results due to primer-primer
interactions, optimization of the multiplexes would be required in the lab by trying different
primer combinations or reaction conditions. However, using a program like CGF Multiplexer, a
new multiplex PCR targeting the same markers could be created and tested in silico using more
stringent parameters. It may be cheaper and quicker to order more primers that show theoretical
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thermodynamic compatibility in silico rather than trying different combinations of primers and
reaction conditions in the lab.
CGF assay markers
First CGF marker
PCR product
size = 150 bp
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current marker
Markers
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Figure 3.6: A flowchart for the creation of staggered product size PCR primers for each CGF
marker is shown here.
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Figure 3.7: A flowchart showing how the CGF markers were multiplexed is shown here.
3.3 In silico typing using WGS data
Although comparative analyses of bacterial pathogen WGS data could expedite development of
more informative molecular typing assays (Hall et al., 2010), for some priority human bacterial
pathogens, such as M. tuberculosis, WGS may soon become the sole method for molecular typing
(Schu¨rch and van Soolingen, 2012). Therefore, as generation of WGS for many bacterial pathogens
becomes more common, relating WGS data to historical typing data will be of great importance
from an epidemiological standpoint.
Since the WGS data for an organism encompasses the sum total of all genetic data available for that
organism, it should be possible to derive the molecular typing profiles from this WGS data using
computer-based or in silico approaches. Generation of in silico-derived typing data would allow
newly sequenced strains to be placed within an epidemiological and historical context through
linkage with typing databases such as PubMLST (Jolley et al., 2004) or PulseNet (Swaminathan
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et al., 2001). This translation of high-resolution WGS data into lower resolution conventional
molecular typing data would allow new strains to be related to previously characterized strains.
Therefore, in silico typing of WGS data could prove to be highly valuable in the context of
epidemiological investigations.
In the context of an outbreak, every outbreak-related isolate may be sequenced to aid in an
epidemiological investigation. However, with epidemiological surveillance, generation of WGS
for every isolate may not be economically feasible. Therefore, there will always be a demand for
more informative, cheaper and more rapid typing methods for surveillance of priority human
pathogens. As a greater number of genome sequences become available, new molecular markers
will be discovered for creation of novel next-generation typing schemes.
WGS is the true gold standard for molecular characterization of microbes offering not only
the highest level of resolution for differentiating strains, but all of the information necessary
to determine conventional molecular typing profiles. Consequently, WGS analysis has become
increasingly prominent in the public health response to pathogens, enabling characterization of
organisms at an unprecedented level of resolution. As the cost of sequencing continues to decline,
the applicability of WGS will broaden to a larger scope of strains and, in the near future, will
likely become the method of choice for characterization of all microbes.
In the context of public health, a significant gap currently exists in that although WGS analysis has
been shown to be viable in the context of public health events such as outbreaks (Gilmour et al.,
2010), it may not yet be possible to perform WGS in the context of epidemiologic surveillance.
Thus, while ever-expanding, WGS datasets still comprise only a fraction of the historical data
contained in public repositories of molecular typing data, such as PulseNet (Swaminathan et al.,
2001) and PubMLST (Jolley et al., 2004), and this is not likely to change in the immediate
future. Establishing links between WGS data and the data contained in molecular epidemiology
databases will be critical as we transition from a paradigm involving molecular typing to one that
is based on WGS. In particular, there is the opportunity for the utilization of WGS data as a
framework for comparing the performance of existing molecular typing methods or for assessing
and validating novel methods (Carrillo et al., 2012).
In order to facilitate the generation of molecular typing data from bacterial WGS data, we
developed Microbial In Silico Typer (MIST).We have recently reported results obtained using
MIST as part of a framework for assessing the performance of existing molecular typing methods
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for C. jejuni and C. coli using WGS data (Carrillo et al., 2012). Additionally, we have recently
presented the full implementation of MIST and demonstrated the utility of MIST analysis using
finished, closed and draft assembly genome sequence data from priority human pathogens, and
shown through comparison with published and experimental data that MIST produces accurate in
silico-derived molecular subtyping data for a variety of molecular typing approaches (Kruczkiewicz
et al., 2013).
MIST was designed to provide a complimentary approach to existing tools by allowing users the
flexibility to analyze draft WGS data and produce in silico typing profiles for traditional typing
schemes, assays based on modifications of these traditional schemes, and assays based on novel
typing schemes. These in silico typing profiles can be linked to historical typing data from public
databases and to other available metadata on each genome analysed, such as phenotypic, clinical,
or epidemiological information, enabling the user to examine associations between the sub-typing
data and their underlying metadata. Since MIST allows the user to design and test schemes
based on approaches that may be impractical to perform in vitro, extended MLST schemes
or hybridization-based methods targeting hundreds of loci can be tested that would otherwise
be subject to sensitivity/specificity issues when deployed in the lab. Furthermore, the MIST
platform enables comparison between typing methods through the simultaneous generation of in
silico typing results for a variety of different methods.
3.3.1 Assumptions and limitations of in silico assay design and assess-
ment
Although in silico PCR-based typing of bacterial organisms had high concordance with lab
generated typing data (Kruczkiewicz et al., 2013), in vitro typing results may vary significantly
from those derived by in silico analysis due to sequencing errors or poor sequence quality.
Consequently, there may be a significant difference in the in silico performance of a typing
method compared to the in vitro performance of the same method. Additionally, although
PCR primers may have theoretically favourable properties or PCR primers are grouped into
theoretically thermodynamically favourable multiplexes, a PCR-based assay may not generate
the desired results in the lab due to complex primer-primer interactions or primer-product
interactions.
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For the in silico L. monocytogenes CGF40 assay, the clusters used for typing method design and
assessment were defined at 20 and 150 SNPs within the core genome concatenome phylogeny
(Figure 3.2). However, other possible thresholds representing the population structure of L.
monocytogenes at different levels of resolution could have been used. Therefore, if a novel
typing method is expected to recapitulate population structure, phylogenomic clusters should be
defined at a level of resolution desired for the novel typing method (e.g., lineage differentiation or
discrimination between isolates from different outbreaks).
Although a typing method could be designed with high concordance to the population structure
of the target organism (e.g., CGF40 assay for L. monocytogenes), the framework described in
this thesis could be used to design a typing method with high concordance to other forms of
classification. For example, a typing method could be generated to have high concordance to
epidemiological data, clinical data or phenotypic data. In order to generate a typing method
with high concordance to other classifications, the desired reference classifications rather than
phylogenomic clusters would need to be specified during typing method design and assessment.
Designing a typing assay targeting accessory gene absence/presence relies upon an observable
level of recombination leading to insertions and/or deletions of DNA sequence (indels) within the
genomes of the bacterial population of interest. Therefore, an assay targeting gene absence/pres-
ence would not be appropriate for bacterial organisms with little to no recombination resulting in
indels, such as Salmonella enterica serovar Enteritidis (Campioni et al., 2012; Olson et al., 2007).
Hence, an assay targeting SNPs or VNTR regions would likely be more appropriate for these
organisms. Our framework for in silico design and assessment of typing assays could still be
applied for determination of the set of molecular markers that provide the greatest discriminatory
power and concordance with the expected clusters or classifications.
The selection of strains used in the generation of a typing method should be representative of
the overall population to be targeted by a typing method. On the one hand, undersampling of
certain subsets of the population could result in an assay that does not adequately classify and
discriminate isolates belonging to these subpopulations. On the other hand, oversampling of
certain subsets of the overall population could bias the typing assay towards the classification
and discrimination of those subpopulations at the expense of others. Hence, representative and
appropriate sampling of whole-genome sequenced strains for typing method design and assessment
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is required for the generation of an assay that is both discriminatory and produces results that
are concordant with the expected clusters or classifications.
WGS data contains all information necessary for inferring molecular typing data, which can be
generated through in silico typing analysis of WGS data. This is especially useful when one has
the WGS, but lacks molecular typing data for their strains of interest. Although the CGF assay
described in this thesis was validated using in silico typing of L. monocytogenes WGS data, in
silico validation is not a substitute for laboratory validation of a typing method. In order for the
CGF assay to be considered for use in the lab, the assay would need to be validated in the lab,
and compared against the current gold-standard method for typing of L. monocytogenes, PFGE.
The in silico framework for molecular typing assay design and assessment described in this thesis
is not aimed as a replacement for in-lab validation. Rather, this framework enables for rapid
generation of assays that, having a theoretically high level of performance, would warrant full
scale in-lab validation.
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Figure 3.8: A screenshot of MIST is shown here.
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3.3.2 In silico validation of the L. monocytogenes CGF40
In silico MLST, MVLST and CGF40 typing data were generated for the 60 L. monocytogenes
strains from analysis of WGS data using the MIST program (Carrillo et al., 2012; Kruczkiewicz
et al., 2013). MIST facilitates generation of in silico typing data for a variety of genotyping
methods including PCR-based methods such as CGF and MLVA, sequence-typing-based methods
such as MLST and probe-based methods such as comparative genomic hybridization (CGH). In
silico determination of sequence typing data correlated highly with data obtained in the lab with
over 98% concordance for Campylobacter MLST allele determination (Carrillo et al., 2012). For
the Campylobacter CGF40, a multiplex PCR assay for subtyping C. jejuni and C. coli (Taboada
et al., 2012), the concordance between in silico results derived from MIST analysis of WGS data
and in vitro results from analysis of isolates in the lab was found to be 92.8% (Kruczkiewicz
et al., 2013). As sequencing technologies improve in accuracy and read lengths, it will be possible
to produce higher quality whole genome assemblies thereby allowing more accurate determination
of in silico-derived subtyping information.
Clusters were defined from the in silico typing data in order to enable comparison of the various
methods against the clusters derived from core genome analysis at 20 and 150 SNPs. Various
fingerprint similarity thresholds were used to define clusters from the in silico CGF40 typing
data. Sequence type (ST) designations were treated as cluster numbers for MLST and MVLST.
3.3.2.1 In silico CGF40
In silico L. monocytogenes CGF40 typing data were generated for 60 L. monocytogenes strains
(Figure 3.9) using MIST in silico PCR-based typing. The in silico typing results for the
L. monocytogenes CGF40 were identical to the expected absence/presence profiles given the
absence/presence fingerprints of each marker defined during pan-genomic analysis (Section 2.4).
All primer binding sites for each marker were determined using nucleotide BLAST with a reduced
word size of 7 for increased sensitivity. Presence of a marker was defined by whether a PCR
amplicon of the expected size (with a size tolerance) could potentially be produced from the
theoretical primer binding sites of the forward and reverse primers for that marker. Absence of a
marker was defined as the inability to produce an amplicon with an appropriate size.
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Clustering of the 60 L. monocytogenes strains based on the in silico Listeria CGF40 results
was performed using UPGMA clustering of the absence-presence fingerprint similarities. Cluster
numbers were defined at fingerprint similarities of 100, 97.5, 95 and 90% corresponding to 0, 1, 2,
and 4 loci differences, respectively (Table 6).
53
Chapter 3 Results and Discussion
17
79
.17
79
.10
_4
75
4
Lm
on
F1
_0
10
10
00
12
22
9.0
36
68
73
3.1
98
8
12
47
.12
47
.10
_0
81
2
Lm
on
1_
02
01
00
01
33
39
.05
23
69
87
.10
40
3S
09
91
.09
91
.02
_1
10
3
Lm
on
1_
02
01
00
00
78
02
.05
23
59
00
.10
40
3S
01
12
.01
12
.02
_1
10
3
01
60
.01
60
.02
_1
10
3
LM
HG
_1
15
09
.07
07
50
31
.N
1_
01
7
LM
Of
68
54
_2
46
7.0
02
33
48
9.F
68
54
Lm
on
J_
02
01
00
01
34
16
.05
26
07
41
.J0
16
1
Lm
on
J_
02
01
00
01
46
38
.05
26
09
84
.J0
16
1
03
15
.03
15
.02
_6
67
9
12
74
.12
74
.10
_5
02
5
LM
Oh
78
58
_0
86
3.0
02
31
67
0.H
78
58
LM
Oh
78
58
_2
42
1.0
02
30
17
5.H
78
58
Lm
on
J_
02
01
00
01
54
57
.05
26
11
39
.J0
16
1
24
32
.24
32
.02
_1
10
3
03
55
.03
55
.02
_1
10
3
04
90
.04
90
.02
_6
67
9
05
40
.05
40
.02
_1
10
3
Lm
4b
_0
04
57
.00
27
57
16
8.C
lip
80
45
9
12
13
.12
13
.02
_1
10
3
05
25
.05
25
.02
_1
10
3
LM
BG
_0
29
81
.05
23
13
99
.J1
_1
94
00
83
.00
83
.10
_0
93
3
07
17
.07
17
.02
_1
10
3
01
89
.01
89
.02
_1
10
3
25
09
.25
09
.02
_1
10
3
12
75
.12
75
.02
_5
99
3
05
47
.05
47
.02
_5
99
3
12
92
.12
92
.02
_5
99
3
11
21
.11
21
.02
_5
99
3
Lm
on
FR
_0
10
10
00
05
00
7.0
36
70
16
9.R
2_
56
1
07
87
.07
87
.02
_5
99
3
04
12
.04
12
.02
_5
99
3
28
04
.28
04
.02
_5
99
3
13
25
.13
25
.02
_5
99
3
08
53
.08
53
.02
_5
99
3
17
53
.17
53
.02
_5
99
3
J1_194
N1_017
R2_503
H7858
HPB2262
HCC23
L99_4a
M7
10_0810
10_0811
Clip80459
02_1792
02_1103
02_1289
F2365
81_0861
81_0592
10_0809
81_0558
Scott_A
02_6679
02_6680
J0161
F6854
F6900
J2818
J2_071
10_4754
10_4758
10_5027
10_5025
10_5026
EGD_e
R2_561
10_0933
10_0934
N3_165
10403S
10_0812
10_0813
1988
08_7669
95_0093
99_6370
98_2035
10_5024
10_1321
10_0815
10_0814
08_7374
08_6997
08_6569
08_6056
08_5923
08_5578
02_5993
04_5457
88_0478
10_1046
10_1047
Figure 3.9: The in silico CGF fingerprints were determined for the 60 L. monocytogenes
strains. A hierarchically clustered heatmap of the CGF fingerprints is shown here. Clusters
defined at 20 SNPs (see Figure 3.1) are highlighted. Hierarchical clustering was performed on
the the fingerprint similarity coefficients using the average linkage method (UPGMA).
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3.3.2.2 In silico MLST
In silico MLST (Salcedo et al., 2003) data was generated for all 60 L. monocytogenes strains
(Table 7). Sequence type (ST) designations were assigned according to the L. monocytogenes
MLST database. These ST designations were used as the clusters derived from MLST typing
and compared to the clusters derived from the other typing methods.
The dat locus could not be determined for H7858 since the locus was found to be truncated by
the end of a contig. Alleles 2, 3 and 50 of the dat locus produced 100% ID full length matches to
the 336 bp dat locus fragment retrieved from H7858. This match corresponded to the 136-471 bp
region of the dat locus. Alleles 2, 3 and 50 of the dat locus varied by only 1 SNP in the 1-135 bp
region of the allele. For the purposes of continuing the analysis with no missing data, the dat
locus was assumed to be allele 3 for H7858, thus, the ST designation was assumed to be ST-6 as
this was a more common allele in the L. monocytogenes MLST database. This ST designation
was unique to H7858 in the set of 60 L. monocytogenes strains.
The allele designation for the dat MLST locus could likely not be retrieved for H7858 due to
fragmentation of the whole genome sequence assembly. The assembly for H7858 was the most
highly fragmented assembly of the 60 L. monocytogenes genome assemblies with 181 contigs. The
mean and median number of contigs in the 60 genome assemblies was 15.43 and 1, respectively.
More advanced sequence assemblers commonly used with short-read sequence data could possibly
assemble the genome of H7858 if the read data were available for this genome. However, poor
sequencing coverage may also prohibit assembly into fewer contigs.
3.3.2.3 In silico MVLST
In silico MVLST (Knabel et al., 2012; Zhang et al., 2004) data was generated for the 60 L.
monocytogenes strains (Table 8). A database of alleles for each MVLST locus was constructed
from the sequences obtained for each MVLST by Knabel et al. (2012). This database of alleles
was expanded to include novel alleles present in the 60 L. monocytogenes genomes. MVLST
ST were assigned in an incremental fashion starting at ST-1 and incrementing with each unique
MVLST profile encountered in the dataset.
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There were several instances where an allele match could not be found for the inlC MVLST
locus. In F6854 and H7858, the allele designation could not be determined due to truncation
of the inlC locus at the end of a contig. F6854 and H7858 contained the highest number of
contigs of the 60 genome assemblies with 181 and 133 contigs, respectively. In all four lineage III
strains (L99-4a, M7, HCC23, J2-071) in the set of 60 L. monocytogenes strains, the inlC locus
was absent as signified by low nucleotide BLAST alignment coverage (21-45/416 bp; 95-78% ID).
These data suggest that this inlC virulence gene locus may only be present within lineage I and
II strains and not lineage III strains. The inlC gene codes for an internalin protein that may be
required for virulence in certain mammilian host cell types. Since the majority of lineage III L.
monocytogenes strains are non-pathogenic, this gene may have been dropped from the genome
due to selective pressures favouring the loss of this gene.
3.3.2.4 Typing method performance assessment
Various metrics have been developed for the comparison and assessment of typing methods. One
of the most commonly used metrics is the Simpson’s index of diversity (D) (Simpson, 1949). The
D when applied to typing methods provides a measure for determining the probability that two
unrelated strains will be assigned to different typing groups (Hunter and Gaston, 1988). A typing
method with a D of 0.0 would be expected to produce no diversity in typing profiles for a set of
strains – all strains would be assigned to the same typing group – while a typing method with a
D of 1.0 would be expected to assign each strain to its own typing group. Although the D has
been a very useful measure of the discriminatory power of a typing method, it does not take into
account the level of agreement between different typing methods (Carric¸o et al., 2006). Hence,
in addition to determining the discriminatory power of a method, it is necessary to assess the
concordance of the classifications assigned by the method to those assigned other typing methods.
When assessing the performance of one method respective to another, it is necessary to take into
account both the discriminatory power of the method as well as how concordant the classifications
derived from the method are to other methods. Carric¸o et al. (2006) have developed a framework
for the comparison of typing methods through a variety of metrics to determine the discriminatory
power of methods as well as the concordance between methods. To objectively compare the
discriminatory power of typing methods, Carric¸o et al. (2006) suggest usage of D with confidence
intervals (CI) as proposed by Grundmann et al. (2001). CI are used to account for variations in
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the sample taken from the population and the sample size (Pinto et al., 2008; Severiano et al.,
2011a). For assessing concordance between clusters derived from different methods, Carric¸o et al.
(2006) suggest usage of the Adjusted Rand (AR) (Hubert and Arabie, 1985; Rand, 1971), Wallace
(W ) (Wallace, 1983) and Adjusted Wallace (AW ) (Severiano et al., 2011b) coefficients. The
Rand coefficient (R) can be used to determine typing method concordance (Versalovic et al.,
1993). However, the R may overestimate concordance since it does not take into account the
possibility of two clusters being generated by chance alone (Carric¸o et al., 2006). To correct
for chance agreement, the AR was developed by Hubert and Arabie (1985) and provides a
more accurate representation of the concordance between two methods. Unlike the Rand or AR
coefficients, the W provides directional information between two typing methods (i.e., WA→B
and WB→A) (Wallace, 1983). This means that if two strains are found in the same cluster by one
method, the W can tell us the probability that these two strains will be in the same cluster using
another method. In order to increase the statistical support of comparison between W coefficients,
Pinto et al. (2008) proposed the use of CI for the W and estimation of the expected W if the
classifications were independent (Wi). Determination of a CI for the W of two classifications can
help account for variability of clusters derived from different sampling of individuals and different
sample sizes. Calculation of the Wi can determine if a high W can be explained by chance, or if
a low W may actually be much higher. If, for example, when comparing two typing methods and
the value of Wi is within the the CI of W , the typing methods likely produce clusters that are
independent of one another and any cluster agreement likely occurred by chance (Pinto et al.,
2008; Severiano et al., 2011b). Severiano et al. (2011b) proposed the AW as a correction to the
W by directly taking the Wi into account. These metrics allow the comparison of methods on
the basis of discriminatory power and concordance between clusters from one method compared
to others.
When determining if a typing method has better performance than another method, it may be
insufficient to only determine the concordance between classifications derived from each method.
If method A has a high W respective to method B and method B has a low W respective to
method A (i.e., WA→B > WB→A), all that is being established is that method A is better at
inferring the classifications of B than method B is at inferring the classifications of A. However,
these classifications may not be concordant with the phylogeny or epidemiology of the organism.
To address this, our research group has proposed the usage of whole-genome phylogenies as
the point of reference for the comparison of typing methods (Carrillo et al., 2012). Instead of
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comparing one method against another, each method is compared against the whole-genome
phylogeny. If the classifications from typing method A and the whole-genome phylogeny show
better agreement than the classifications from typing method B and the whole-genome phylogeny
(i.e., WA→phylogeny > WB→phylogeny), then typing method A could be considered to be the more
phylogenetically informative method. Hence, by using whole-genome phylogenies as an external
point of reference in the comparison of typing methods, a more accurate assessment of the
performance of typing methods can be obtained.
The performance of the proposed CGF40 assay as well as the MLST and MVLST schemes for L.
monocytogenes were assessed by determination of each method’s concordance with respect to a
whole-genome phylogeny. The MLST and MVLST schemes for L. monocytogenes were designed
based on the assumption that one could subtype L. monocytogenes based on the sequences
of several housekeeping or virulence gene loci. Genome sequences for multiple strains of L.
monocytogenes were not available during the development of these typing schemes. However,
with the advent of NGS, multiple strains from the major lineages of L. monocytogenes have been
sequenced, and much of this WGS data has been made publicly available. Using this WGS data,
we were able to determine potential markers for a L. monocytogenes CGF assay and select the
markers that maximized concordance with PGC to produce a phylogenetically-informative and
discriminatory genotyping assay. In order to determine the performance of this CGF assays
constructed through optimized marker selection, we used an assessment framework using the D
to determine the discriminatory power of the method and the AW to determine concordance to
PGC, which are clusters derived from a whole-genome phylogeny.
The D was calculated for the PGC and in silico typing of the 60 L. monocytogenes strains
(Table 3.1). The CGF40 assay with clusters defined at 100% fingerprint similarity produced the
highest D (0.940). The PGC defined at 150 and 20 core genome SNPs produced D values of 0.874
and 0.901, respectively. The D of MLST and MVLST were 0.927 and 0.876, respectively. Only
the D of the CGF40 assay at 100% was significantly greater than the D of the PGC at 20 SNPs
(P < 0.05). The D of the CGF40 at 100% was significantly greater than MVLST (P < 0.05), but
not MLST (P ≥ 0.05). Hence, the CGF40 has greater discriminatory power than MVLST and
the PGC defined at 20 core genome SNPs, but not MLST.
The D of MLST was significantly greater than the D of MVLST (P < 0.05) suggesting that
MLST is a more discriminatory method than MVLST. This is contrary to the findings of Zhang
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et al. (2004) where MVLST was found to have greater discriminatory power for serotype 1/2a and
4b strains than MLST. The high D of MLST may be explained by the sub-classification of the
highly clonal group of serotype 1/2a Canadian outbreak-related strains (the blue phylogenomic
cluster in Figures 3.2 and 3.1). The strains in this cluster have fewer than 20 SNPs between
them. The MLST profiles of these strains differ by only a single locus (abcZ ). Due to this single
locus variation, MLST is able to sub-divide this phylogenomic cluster explaining the higher D for
MLST compared to MVLST.
The AW coefficients with jackknife pseudo-values 95% CI were determined for MLST, MVLST
and CGF40 clustering of the 60 L. monocytogenes strains based on in silico typing data for MLST,
MVLST and CGF40 against PGC defined at 150 and 20 SNPs (Table 3.1). In order to determine
if there was a significant difference (P ≤ 0.05) between AW for different typing methods, p-values
were calculated using the jackknife pseudo-values resampling method (Severiano et al., 2011a)
(Table 3.2). The jackknife pseudo-values resampling method was used instead of the bootstrap
method for calculating CI since it was shown by Severiano et al. (2011a) to more accurately
estimate CI for pairwise agreement measures.
Table 3.1: The Adjusted Wallace (AW ) with jackknife pseudo-values 95% confidence intervals
(CI) are shown here for MLST, MVLST and CGF40 at various fingerprint similarity thresholds
compared to the phylogenomic clusters (PGC) defined at 150 and 20 SNPs. The Simpson’s
index of diversity (D) with jackknife pseudo-values 95% CI are shown here for each clustering
of the 60 L. monocytogenes strains. Typing data for each typing method was generated using
MIST. AW and D with 95% CI were calculated using the online tool ComparingPartitions.
150 SNPs 20 SNPs
Method Partitions D CI AW CI AW CI
CGF40; 100% 35 0.940 (0.892-0.987) 1.000 (1.000-1.000) 1.000 (1.000-1.000)
CGF40; 97.5% 31 0.929 (0.878-0.981) 1.000 (1.000-1.000) 1.000 (1.000-1.000)
CGF40; 95% 29 0.927 (0.876-0.978) 1.000 (1.000-1.000) 0.957 (0.877-1.000)
CGF40; 90% 22 0.877 (0.809-0.945) 0.990 (0.980-1.000) 0.776 (0.565-1.000)
MLST 22 0.927 (0.895-0.958) 1.000 (1.000-1.000) 0.710 (0.478-0.945)
MVLST 22 0.876 (0.808-0.944) 0.979 (0.954-1.000) 0.772 (0.559-1.000)
PGC; 20 SNPs 27 0.901 (0.835-0.966)
PGC; 150 SNPs 19 0.874 (0.807-0.941)
All typing methods were highly concordant with the PGC defined at 150 SNPs. Each method
was able to produce similar or finer clusters than the PGC at 150 SNPs. However, with PGC
defined at 20 SNPs, CGF40 was better able to produce similar or finer clusters than MLST or
MVLST. L. monocytogenes CGF40 clusters at 97.5% and 100% produced significantly different
(P ≤ 0.05) AW compared to MLST (P = 0.013) and MVLST (P = 0.046). This indicates that
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Table 3.2: The P between AW of different typing methods to the PGC defined at 20 SNPs
(Table 3.1) are shown here. P were calculated using the jackknife pseudo-values resampling
method with the online tool ComparingPartitions. P ≤ 0.05 are highlighted.
AW(Method A→20 SNP clusters) AW(Method B→20 SNP clusters)
Method A AW CI Method B AW CI P
MLST 0.710 (0.478-0.945) MVLST 0.772 (0.559-1.000) 0.197
CGF40; 95% 0.957 (0.877-1.000) MVLST 0.772 (0.559-1.000) 0.057
CGF40; 97.5% 1.000 (1.000-1.000) MVLST 0.772 (0.559-1.000) 0.046
CGF40; 100% 1.000 (1.000-1.000) MVLST 0.772 (0.559-1.000) 0.046
CGF40; 95% 0.957 (0.877-1.000) MLST 0.710 (0.478-0.945) 0.008
CGF40; 97.5% 1.000 (1.000-1.000) MLST 0.710 (0.478-0.945) 0.013
CGF40; 100% 1.000 (1.000-1.000) MLST 0.710 (0.478-0.945) 0.013
CGF40 at 97.5% and 100% fingerprint similarity was more concordant with the PGC at 20 SNPs
than either MLST or MVLST (P ≤ 0.05).
There was no significant difference between the AW for MLST and MVLST (P ≤ 0.05). This
suggests that there is no difference between the ability of MLST and MVLST to infer the PGC
at 20 SNPs.
The proposed L. monocytogenes CGF40 assay designed using in silico optimized marker selection
is a highly discriminatory assay with high concordance with the whole-genome phylogeny of 60 L.
monocytogenes strains. The CGF40 assay has greater discriminatory power than MVLST and
greater concordance with PGC defined at 20 SNPs than MLST or MVLST.
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Thesis Conclusions
As more bacterial strains are sequenced, we will be better able to assess the performance of
current molecular typing methods and create new high-performance methods. Most conventional
molecular typing methods were conceived prior to the genomics era. Comparative genomic studies
have shown that, in some cases, molecular typing may inaccurately estimate the genetic similarity
between bacterial isolates (Taboada et al., 2008). Furthermore, current molecular typing methods
may fail to differentiate bacterial isolates in an epidemiologically and phylogenetically consistent
manner; therefore, new methods may be required to distinguish these isolates (Xiao et al., 2011).
Additionally, some “gold-standard” methods for typing of bacterial pathogens, such as PFGE
for L. monocytogenes (Graves and Swaminathan, 2001; Swaminathan and Gerner-Smidt, 2007),
are labour-intensive and time-consuming (Goering, 2010; Van Belkum et al., 2007). Although
WGS may one day be the only molecular method for characterization of bacterial isolates for
outbreak investigations for certain organisms (Gardy et al., 2011; Gilmour et al., 2010; Ko¨ser
et al., 2012; Reimer et al., 2011; Rohde et al., 2011), for the foreseeable future, WGS will
likely remain economically impractical for epidemiological surveillance. Therefore, inexpensive,
high-throughput, informative and discriminatory molecular typing methods will be required for
routine epidemiological surveillance of priority human bacterial pathogens.
Though L. monocytogenes has a high level of genomic synteny between strains from the major
lineages (Deng et al., 2010; Hain et al., 2012), it has significant diversity in pan-genomic gene
content and exhibits biased distribution of accessory genes across the major lineages (Deng et al.,
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2010). The Listeria species have been reported to have the highest synonymous mutation rates of
all prokaryotes following comparison of multiple completed genome sequences (Novichkov et al.,
2009). Four lineages (I, II, III, IV (or IIIB)) and thirteen serotypes have been identified in L.
monocytogenes (Piffaretti et al., 1989; Rasmussen et al., 1995; Ward et al., 2008; Wiedmann
et al., 1997). Strains from serotypes 1/2a, 1/2b and 4b from lineages I and II represent the
majority of human clinical cases of listeriosis (Farber and Peterkin, 1991). Serotypes 4a and 4c
from lineages III and IV are commonly isolated from food, animals and the environment, but are
rarely associated with human cases (Wiedmann et al., 1997). This is likely due to the absence of
virulence factors in lineage III strains compared to strains from lineages I and II (Hain et al.,
2012).
Our research group has proposed that typing methods be assessed on the basis of discriminatory
power as well as concordance with whole-genome phylogenies (Carrillo et al., 2012). In this
thesis, we incorporate and extend this idea in an in silico comparative genomic framework for the
design and assessment of typing methods using WGS data. Using this framework, we were able
to design an optimized CGF assay for L. monocytogenes with greater discriminatory power and
concordance to a whole-genome phylogeny than the current typing methods, MLST and MVLST.
Based on the work presented in this thesis, the following conclusions can be reached:
1. In silico typing can be used to generate multiple layers of typing data from WGS data,
thereby, facilitating the comparison of typing methods.
2. Defining PGC can enable comparison of typing methods to WGS data through calculation
of partition congruence metrics such as the Wallace and Adjusted Wallace coefficients.
3. In addition to assessing the performance of current typing methods, optimized marker
selection with an in silico assessment framework as described in this thesis can be used
to produce novel molecular typing methods that have the potential to outperform current
molecular typing methods in terms of discriminatory power and concordance to whole-
genome phylogenies.
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Listeria monocytogenes strain information
Table 1: The 37 Canadian outbreak-related L. monocytogenes strains included in the design
and validation of a L. monocytogenes CGF assay are shown here.
Strain Lineage Serotype Year Province Source Sample Source
10-4754 II 1/2a 2002 Quebec Cheese Cerebrospinal Fluid
10-4758 II 1/2a 2002 Quebec Cheese Cheese
10-0812 II 1/2a 2000 Manitoba Whipping Cream Whipping cream
10-0813 II 1/2a 2000 Manitoba Whipping Cream Clinical
10-0933 II 1/2a 2008 Quebec/Ontario Cheese Blood
10-0934 II 1/2a 2008 Quebec/Ontario Cheese Cheese
10-5025 II 1/2c 2010 Food Industry Bacon Flakes
10-5026 II 1/2c 2010 Food Industry Bacon Flake Processing Plant
10-5027 II 3c 2010 Food Industry Processing Plant
10-1046 II 1/2a 2010 Ontario Prosciutto Ham Blood
10-1047 II 1/2a 2010 Ontario Prosciutto Ham Cerebrospinal Fluid
10-1321 II 1/2a 2010 Ontario Prosciutto Ham Blood
10-5024 II 1/2a 2010 Ontario Prosciutto Ham Prosciutto Ham
02-5993 II 1/2a 2002 ECV Isolates Blood
88-0478 II 1/2a 1988 ECV Isolates Blood
08-7669 II 1/2a 2008 Ready-To-Eat Meat Blood
95-0093 II 1/2a 1995 ECV Isolates Blood
98-2035 II 1/2a 1998 LGI1 positive Blood
99-6370 II 1/2a 1999 LGI1 positive Blood
04-5457 II 1/2a 2004 ECV Isolates Blood
08-6056 II 1/2a 2008 Ready-To-Eat Meat Turkey Meat
08-6569 II 1/2a 2008 Ready-To-Eat Meat Environmental
08-6997 II 1/2a 2008 Ready-To-Eat Meat Blood
08-7374 II 1/2a 2008 Ready-To-Eat Meat Environmental
10-0814 II 1/2a 2008 Ready-To-Eat Meat Ready-To-Eat Meat
10-0815 II 1/2a 2008 Ready-To-Eat Meat Ready-To-Eat Meat
10-0810 I 1/2b 1996 Ontario Imitation Crab Clinical
10-0811 I 1/2b 1996 Ontario Imitation Crab Imitation Crab
02-6679 I 4b 2002 British Columbia Cheese Stool
02-6680 I 4b 2002 British Columbia Cheese Cheese
81-0558 I 4b 1981 Maritimes Coleslaw Cerebrospinal Fluid
10-0809 I 4b 1981 Maritimes Coleslaw Clinical
81-0592 I 4b 1981 Maritimes Coleslaw Fetal Blood
81-0861 I 4b 1981 Maritimes Coleslaw Coleslaw
02-1103 I 4b 2002 British Columbia Cheese Cerebrospinal Fluid
02-1289 I 4b 2002 British Columbia Cheese Stool
02-1792 I 4b 2002 British Columbia Cheese Cheese
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Listeria monocytogenes strain information
Table 2: The 23 publicly available L. monocytogenes strains retrieved from NCBI included in
the design and validation of a L. monocytogenes CGF assay are shown here.
Strain Lineage Serotype Taxonomy ID
J1-194 I 1/2b 393117
N1-017 I 4b 393123
R2-503 I 1/2b 393125
Clip80459 I 4b 568819
H7858 I 4b 267410
F2365 I 4b 265669
HPB2262 I 4b 401650
Scott-A I 4b 1027396
F6854 II 1/2a 267409
F6900 II 1/2a 393128
J0161 II 1/2a 393130
J2818 II 1/2a 393131
N3-165 II 1/2a 393124
1988 II 3a 393127
10403S II 1/2a 393133
EGD-e II 1/2a 169963
R2-561 II 1/2c 393126
08-5923 II 1/2a 637381
08-5578 II 1/2a 653938
HCC23 III 4a 552536
L99-4a III 4a 563174
M7 III 4a 1030009
J2-071 IIIA 4c 393121
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Thesis software project source code repositories
Table 3: Links to the source code repositories for the software applications used in this thesis.
Application Name Abbreviation URL Link
CGF Optimizer CGFO https://bitbucket.org/peterk87/cgfoptimizer
CGF Multiplexer CGFM https://bitbucket.org/peterk87/cgfmultiplexer
Microbial In Silico Typer MIST https://bitbucket.org/peterk87/microbialinsilicotyper
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L. monocytogenes CGF40 marker information
Table 4: L. monocytogenes CGF marker protein products are shown here. Protein products
for each marker were determined using NCBI BLAST. Dashes denote hypothetical proteins.
CGF Marker ID Protein Product
02 1103-0112 -
02 1103-0160 Not found in L. monocytogenes
02 1103-0189 ROK family protein
02 1103-0355 Internalin
02 1103-0525 -
02 1103-0540 -
02 1103-0717 PTS system IIA 2 domain-containing protein
02 1103-0991 -
02 1103-1213 Regulatory protein
02 1103-2432 -
02 1103-2509 Carboxylesterase
02 5993-0412 -
02 5993-0547 Type I restriction enzyme, R subunit
02 5993-0787 Conserved hypothetical protein
02 5993-0853 Protease synthase and sporulation negative regulatory protein PAI 1
02 5993-1121 -
02 5993-1275 -
02 5993-1292 -
02 5993-1325 -
02 5993-1753 -
02 5993-2804 Internalin protein
02 6679-0315 HsdR family type I site-specific deoxyribonuclease
02 6679-0490 -
10403S-20100007802 -
10403S-20100013339 -
10 0812-1247 Phage protein
10 0933-0083 -
10 4754-1779 Prophage Lp2 protein 6
10 5025-1274 Not found in L. monocytogenes
Clip80459-0475 -
F6854-2467 DEAD/DEAH box helicase domain-containing protein
Fin1988-10100012229 ATP-dependent RNA helicase
H7858-0863 Oxidoreductase
H7858-2421 Phage minor structural protein, N-terminal region subfamily
J0161-20100013416 NADH oxidase
J0161-20100014638 -
J0161-20100015457 IS30 family, transposase
J1 194-2981 Conserved hypothetical protein
N1 017-LMHG gp36 protein
R2 561-10100005007 gp52 protein
The CGF markers, J0161-20100013416 and J0161-20100015457, were found on plasmids. J0161-
20100013416 was found on the L. monocytogenes 08-5578 plasmid pLM5578 and on the Listeria
innocua Clip11262 plasmid pLI100. J0161-20100015457 was found on the L. monocytogenes
H7858 plasmid pLM80. Since these markers were found on plasmids, a DNA extraction protocol
capable of reliably extracting genomic DNA and plasmid DNA simultaneously may be necessary.
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Two of the CGF markers, 02 1103-0160 and 10 5025-1274, could not be found in L. monocytogenes
using NCBI BLAST. The closest match to 02 1103-0160 was within Listeria grayi DSM 20601 as
a GNAT family acetyltransferase. The closest match to 10 5025-1274 was within Streptococcus
suis GZ1 as a hypothetical protein with only 33% ID.
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In silico typing data
Table 6: Cluster numbers defined at fingerprint similarities of 100, 97.5, 95 and 90% are
shown here. CGF40 fingerprints were derived from in silico typing of the 60 L. monocytogenes
strains.
Strains 100% 97.5% 95% 90%
EGD-e 1 1 1 1
F2365 2 2 2 2
F6854 3 3 3 3
F6900 4 4 4 3
H7858 5 5 5 4
HCC23 6 6 6 5
HPB2262 7 7 7 6
J1-194 8 8 8 7
J2-071 9 9 9 8
J0161 10 10 10 9
J2818 11 4 4 3
L99-4a 12 11 11 5
M7 12 11 11 5
N1-017 13 12 12 10
N3-165 14 13 13 11
R2-503 15 14 14 12
R2-561 16 15 15 13
Scott-A 17 16 16 14
02-1103 18 17 17 2
02-1289 18 17 17 2
02-1792 18 17 17 2
02-5993 19 18 18 15
04-5457 19 18 18 15
08-5578 19 18 18 15
08-5923 19 18 18 15
08-6056 19 18 18 15
08-6569 19 18 18 15
Continued on next page
In silico typing data
Strains 100% 97.5% 95% 90%
08-6997 19 18 18 15
08-7374 19 18 18 15
10-0814 19 18 18 15
10-0815 19 18 18 15
10-1321 19 18 18 15
10-5024 19 18 18 15
98-2035 19 18 18 15
99-6370 19 18 18 15
02-6679 20 19 19 14
02-6680 20 19 19 14
08-7669 21 20 20 15
10-0809 22 21 2 2
81-0558 22 21 2 2
81-0592 22 21 2 2
81-0861 22 21 2 2
10-0810 23 22 21 16
10-0811 23 22 21 16
10-0812 24 23 22 17
10-0813 24 23 22 17
10-0933 25 24 23 18
10-0934 25 24 23 18
10-1046 26 25 24 15
10-1047 26 25 24 15
10-4754 27 26 25 19
10-4758 28 26 25 19
10-5025 29 27 26 13
10-5026 29 27 26 13
10-5027 30 28 15 13
88-0478 31 25 24 15
95-0093 32 18 18 15
1988 33 29 27 20
10403S 34 30 28 21
Continued on next page
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Strains 100% 97.5% 95% 90%
Clip80459 35 31 29 22
95
In silico typing data
Table 7: The in silico-derived MLST data for 60 L. monocytogenes strains are shown here.
In silico-derived allele designations for each MLST gene locus are shown for each strain and
the resulting sequence type (ST). The allele designation for the dat MLST locus could not be
determined for H7858 due to a truncation of the locus by the end of a contig.
Strain abcZ bglA cat dapE dat ldh lhkA ST
02-1103 3 1 1 1 3 1 3 1
02-1289 3 1 1 1 3 1 3 1
02-1792 3 1 1 1 3 1 3 1
02-5993 5 6 2 29 5 3 1 120
02-6679 3 1 12 70 2 1 5 388
02-6680 3 1 12 70 2 1 5 388
04-5457 57 6 2 29 5 3 1 292
08-5578 57 6 2 29 5 3 1 292
08-5923 5 6 2 29 5 3 1 120
08-6056 57 6 2 29 5 3 1 292
08-6569 57 6 2 29 5 3 1 292
08-6997 57 6 2 29 5 3 1 292
08-7374 57 6 2 29 5 3 1 292
08-7669 5 6 2 29 5 3 1 120
10403S 5 8 5 7 6 38 1 85
10-0809 3 1 1 1 3 1 3 1
10-0810 2 1 11 3 3 1 7 5
10-0811 2 1 11 3 3 1 7 5
10-0812 5 8 5 7 6 2 1 7
10-0813 5 8 5 7 6 2 1 7
10-0814 57 6 2 29 5 3 1 292
10-0815 57 6 2 29 5 3 1 292
10-0933 5 5 17 21 39 2 6 394
10-0934 5 5 17 21 39 2 6 394
10-1046 5 6 2 29 5 3 1 120
10-1047 5 6 2 29 5 3 1 120
10-1321 5 6 2 29 5 3 1 120
10-4754 5 7 3 5 1 8 6 37
10-4758 5 7 3 5 1 8 6 37
Continued on next page
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Strain abcZ bglA cat dapE dat ldh lhkA ST
10-5024 5 6 2 29 5 3 1 120
10-5025 6 5 6 4 1 4 1 9
10-5026 6 5 6 4 1 4 1 9
10-5027 6 5 6 4 1 4 1 9
1988 7 10 16 7 5 2 1 155
81-0558 3 1 1 1 3 1 3 1
81-0592 3 1 1 1 3 1 3 1
81-0861 3 1 1 1 3 1 3 1
88-0478 5 6 2 29 5 3 1 120
95-0093 5 6 2 29 5 3 1 120
98-2035 57 6 2 29 5 3 1 292
99-6370 57 6 2 29 5 3 1 292
Clip80459 1 2 12 3 2 5 3 4
EGD-e 6 5 6 20 1 4 1 35
F2365 3 1 1 1 3 1 3 1
F6854 7 6 10 6 1 2 1 11
F6900 7 6 10 6 1 2 1 11
H7858 3 9 9 3 - 1 5 -
HCC23 19 17 22 25 15 79 12 201
HPB2262 1 1 11 11 2 1 5 2
J0161 7 6 10 6 1 2 1 11
J1-194 12 12 12 1 3 1 4 88
J2818 7 6 10 6 1 2 1 11
J2-071 18 11 21 24 17 31 13 131
L99-4a 19 17 22 25 15 79 12 201
M7 19 17 22 25 15 79 12 201
N1-017 4 4 4 3 2 1 5 3
N3-165 21 6 15 8 6 2 14 222
R2-503 4 4 4 3 2 1 5 3
R2-561 6 5 6 4 1 4 1 9
Scott-A 1 1 11 11 2 11 5 290
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Table 8: The in silico-derived MVLST data for 60 L. monocytogenes strains are shown here.
In silico-derived allele designations for each MVLST gene locus are shown for each strain and
the resulting sequence type (ST). The inlC MVLST locus could not be found in all four lineage
III strains (L99-4a, M7, HCC23, J2-071) and was found to be truncated by the end of a contig
in F6854 and H7858.
Strain clpP dal inlB inlC lisR prfA ST
02-1103 3 3 2 3 3 2 1
02-1289 3 3 2 3 3 2 1
02-1792 3 3 2 3 3 2 1
02-5993 1 1 7 1 1 1 2
02-6679 3 3 8 2 4 5 3
02-6680 3 3 8 2 4 5 3
04-5457 1 1 7 1 1 1 2
08-5578 1 1 7 1 1 1 2
08-5923 1 1 7 1 1 1 2
08-6056 1 1 7 1 1 1 2
08-6569 1 1 7 1 1 1 2
08-6997 1 1 7 1 1 1 2
08-7374 1 1 7 1 1 1 2
08-7669 1 1 7 1 1 1 2
10403S 2 4 15 1 1 3 4
10-0809 3 3 2 3 3 2 1
10-0810 3 5 3 2 4 4 5
10-0811 3 5 3 2 4 4 5
10-0812 2 4 4 1 1 3 6
10-0813 2 4 4 1 1 3 6
10-0814 1 1 7 1 1 1 2
10-0815 1 1 7 1 1 1 2
10-0933 2 2 4 1 1 1 7
10-0934 2 2 4 1 1 1 7
10-1046 1 1 7 1 1 1 2
10-1047 1 1 7 1 1 1 2
10-1321 1 1 7 1 1 1 2
10-4754 2 2 5 4 1 1 8
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Strain clpP dal inlB inlC lisR prfA ST
10-4758 2 2 5 4 1 1 8
10-5024 1 1 7 1 1 1 2
10-5025 2 6 6 5 1 1 9
10-5026 2 6 6 5 1 1 9
10-5027 2 6 6 5 1 1 9
1988 2 1 7 1 1 1 10
81-0558 3 3 2 3 3 2 1
81-0592 3 3 2 3 3 2 1
81-0861 3 3 2 3 3 2 1
88-0478 1 1 7 1 1 1 2
95-0093 1 1 7 1 1 1 2
98-2035 1 1 7 1 1 1 2
99-6370 1 1 7 1 1 1 2
Clip80459 3 8 11 2 4 5 11
EGD-e 2 6 6 5 1 1 9
F2365 3 3 2 3 3 2 1
F6854 2 9 9 - 1 1 12
F6900 2 9 9 4 1 1 13
H7858 3 3 2 - 4 5 14
HCC23 4 11 10 - 6 6 15
HPB2262 3 5 8 3 3 5 16
J0161 2 9 9 4 1 1 13
J1-194 3 5 3 7 4 5 17
J2818 2 9 9 4 1 1 13
J2-071 5 12 14 - 8 8 18
L99-4a 4 11 10 - 6 6 15
M7 4 11 10 - 6 7 19
N1-017 3 5 12 2 3 5 20
N3-165 2 2 13 1 1 1 21
R2-503 3 5 12 2 3 5 20
R2-561 2 6 6 5 1 1 9
Scott-A 3 5 8 3 7 5 22
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